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SYSTEMS AND METHODS FOR
GENERATING AN ENERGY USE MODEL
FOR A BUILDING

BACKGROUND

The present disclosure generally relates to energy conser-
vation in a building. The present disclosure relates more spe-
cifically to generating an energy use model for a building
using one characteristic of the building, such as the building’s
water consumption, as a proxy for another characteristic,
such as the building’s occupancy, within the building’s
energy use model.

Many commercial buildings today are equipped with a
variety of energy-consuming devices. For example, a com-
mercial building may be equipped with various heating, ven-
tilation, and air conditioning (HVAC) devices that consume
energy to regulate the temperature in the building. Other
exemplary types of building equipment that consume energy
may include lighting fixtures, security equipment, data net-
working infrastructure, and other such equipment.

The energy efficiency of commercial buildings has become
an area of interest in recent years. In many areas of the world,
electrical generation and transmission assets have or are
reaching full capacity. Because commercial buildings con-
sume a good portion of the generated electricity in the United
States and elsewhere, a major strategy for solving energy grid
problems is to implement energy conservation measures
(ECMs) within buildings. ECMs may also provide a financial
benefit to the operator of a building, since the cost for the
building’s energy consumption can be reduced by imple-
menting ECMs.

In general, ECMs involve first identifying potential areas
of improvement and then taking the appropriate corrective
measures. For example, the energy consumption of a build-
ing’s lighting may be identified as a potential area of improve-
ment and energy-efficient lighting may be installed in the
building as an ECM. To identify potential areas of improve-
ment, various metrics may be obtained regarding the build-
ing’s energy consumption. For example, the building’s
energy consumption, typically measured in megawatt-hours
(MWh), or the building’s energy demand, typically measured
in megawatts (MW), may be recorded and analyzed to iden-
tify trends and patterns in the building’s energy use. A tech-
nician trained to analyze such data may then review the met-
rics for the building and suggest the implementation of one or
more ECMs.

Numerous factors may affect a building’s energy usage
profile (e.g., the building’s energy consumption and
demand). For example, a building’s energy use may be
affected by the weather (e.g., more energy may be needed to
heat the building on a cold day and vice-versa), the building’s
occupancy, the day of the week (e.g., more energy may be
consumed during the workweek than on a weekend), and
other such factors. These factors may independently affect the
energy usage profile of the building or may be interrelated.
For example, the occupancy of the building may drop on the
weekend or during a major snowstorm. Thus, the energy
needs of a building at any given time must be put into context
before a meaningful analysis can be performed.

Identifying potential areas for improvement to a building’s
energy efficiency may involve a degree of uncertainty, par-
ticularly with regard to the potential cost savings realized by
implementing an ECM. In some cases, information regarding
the factors that affect a building’s energy usage profile may
not be available or fully known. For example, the occupancy
of'a commercial building may not be known precisely, unless
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2

the building is a secure environment (e.g., each person that
enters or exits the building must pass through a security
checkpoint, scan a security badge, etc.). Variations in the
factors over time may also lead to potential estimation errors.
Because of this uncertainty, some ECM providers, such as
companies that sell energy-efficient building equipment,
guarantee the financial savings to a commercial building’s
operator. Any energy or cost savings shortfalls that are real-
ized after installation of the upgraded equipment may be
borne by the ECM provider. Thus, an accurate energy use
model for a building may decrease potential liability for an
ECM provider and create realistic expectations of the build-
ing’s operator regarding the implementation of ECMs.

SUMMARY

One embodiment of the invention relates to a method for
generating an energy use model of a building. The method
includes receiving, at a processing circuit, building data
indicative of a first type of building variable. The method also
includes receiving, at the processing circuit, additional build-
ing data correlated to an energy use of the building. The
method further includes determining, by the processing cir-
cuit, a portion of the building variable that is uncorrelated
with the additional building data. The method additionally
includes using the input data and the uncorrelated portion of
the building variable to generate the energy use model of the
building.

Another embodiment of the invention relates to a system
for generating an energy use model of a building includes a
processing circuit operable to receive building data indicative
of a first type of building variable and to receive additional
building data correlated to an energy use of the building. The
processing circuit is also operable to determine a portion of
the building variable that is uncorrelated with the additional
building data. The processing circuit is further operable to use
the input data and the uncorrelated portion of the building
variable to generate the energy use model of the building.

Yet another embodiment of the invention relates to a com-
puter-readable storage medium having machine instructions
stored therein, the instructions being executable by a proces-
sor to cause the processor to perform operations. The opera-
tions include receiving water use data indicative of an amount
of'water consumed by a building. The operations also include
receiving additional building data correlated to an energy use
of'the building. The operations further include determining an
amount of consumed water that is uncorrelated with the addi-
tional building data. The operations additionally include
using the input data and the uncorrelated amount of con-
sumed water to generate the energy use model of the building.

Alternative exemplary embodiments relate to other fea-
tures and combinations of features as may be generally
recited in the claims.

BRIEF DESCRIPTION OF THE FIGURES

The disclosure will become more fully understood from
the following detailed description, taken in conjunction with
the accompanying figures, wherein like reference numerals
refer to like elements, in which:

FIG. 1 is an illustration of a building data acquisition sys-
tem, according to an exemplary embodiment;

FIG. 2 is ablock diagram of a processing circuit configured
to analyze energy-related statistics of a building, according to
an exemplary embodiment;

FIG. 3 is a flow chart of a process for analyzing energy-
related statistics of a building, according to one embodiment;
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FIG. 4A is an illustration of an energy-related building
statistic being compared with the statistics of other buildings,
according to one embodiment;

FIGS. 4B-4F illustrate an energy-related building statistic
being compared with the statistics of other buildings in more
detail, according to an exemplary embodiment;

FIG. 5 is an illustration of building model parameters,
according to one embodiment;

FIGS. 6A-6B are illustrations of building model param-
eters plotted along their respective dimensions, according to
various embodiments;

FIG. 7 is an illustration of a two-dimensional plot of the
building model parameters of FIGS. 6A-6B, according to
various embodiments;

FIG. 8 is a flow chart of a process for comparing values
related to a building’s energy use model to those of other
buildings, according to one embodiment;

FIG. 9 is an illustration of an example report comparing a
building’s energy use model parameters to those of other
buildings, according to one embodiment;

FIG.10is a flow chart of a process for identifying an outlier
data point, according to one embodiment;

FIG. 11 is a flow chart of a process for using a building’s
water use as a proxy for the building’s occupancy in an energy
use model, according to one embodiment;

FIG. 12 is a detailed block diagram of the processing
circuit of FIG. 2 configured to model a building’s energy use
using the building’s water consumption, according to various
embodiments; and

FIG. 13 is a flow chart of a process for determining a
building’s water use attributable to occupancy, according to
one embodiment.

DESCRIPTION

Before turning to the figures, which illustrate the exem-
plary embodiments in detail, it should be understood that the
disclosure is not limited to the details or methodology set
forth in the description or illustrated in the figures. It should
also be understood that the terminology is for the purpose of
description only and should not be regarded as limiting.

According to various aspects of the present disclosure, the
energy usage profile and energy-related characteristics of a
building may be compared to those of one or more other
buildings. Applicants have discovered that benchmarking a
building’s energy-related characteristics against those of
other buildings allows for the identification of potential areas
to implement ECMs, set realistic energy performance goals
when implementing ECMs, and identifying best practices
when implementing ECMs. For example, a building having a
much higher than average energy consumption in comparison
to similar buildings may be identified as a good candidate for
ECMs.

In some embodiments, a building’s energy usage profile
may be modeled by using the building’s energy-related char-
acteristics as inputs to the model. Based on the known char-
acteristics of the building, other model parameters may be
predicted (e.g., statistical values related to the building’s
energy use). Such a model may be part of an energy-conser-
vation strategy that uses lean energy analysis. Lean energy
analysis, as presented in the embodiments of this application,
attempts to achieve the maximum utility from building-re-
lated data for as little cost as possible. Thus, the model may
use a small amount of widely available data to model the
energy usage profile of a building, in contrast to performing
an expensive energy audit of the building’s operations. For
example, the model may be based in part on data regarding the
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4

weather where the building is located and billing data from a
utility supplying energy to the building. Another example of
readily available data includes billing data regarding the
building’s water use.

Statistics derived from a building’s energy use model may
be compared to those of similar buildings. For example, the
statistics may be compared to identify outlier statistics for
building. Generally, buildings may be considered similar if
they are located in the same type of climate, have the same or
similar usage type (e.g., both buildings are schools, office
buildings, etc.), or share other such characteristics. Univariate
or multivariate statistical analysis may be used to compare a
building’s statistics to the statistics of other buildings deemed
to be similar to it. This comparison may be used, for example,
to identify how well the building’s energy efficiency com-
pares to the similar buildings, to set realistic expectations
when implementing ECMs, and perform other functions.

Various reports may be generated based on the comparison
between a building and one or more other similar buildings.
For example, a report may quantify the energy costs for the
building in relation to the similar buildings (e.g., the energy
costs for the building versus the average of'its peer buildings).
A report may also be generated and used to identify opportu-
nities to implement ECMs. For example, a building may be
identified as being a potential candidate for ECMs if the
building is in the top 10% for energy consumption among its
peers. In some embodiments, an equipment fault in the build-
ing may be identified via a report based on one or more of the
building’s statistics being a statistical outlier when compared
to that of peer buildings.

Building Data Acquisition and Analysis

Referring now to FIG. 1, an illustration of a building data
acquisition system 100 is shown, according to an exemplary
embodiment. Generally, building data acquisition system 100
is configured to record, store, and analyze building data
related to a building’s energy use. In various embodiments,
building data for a building may be used to model the build-
ing’s energy usage profile and predict related parameters.
Comparisons may also be made in building data acquisition
system 100 between the building data and model parameters
of different buildings.

As shown, building data acquisition system 100 may
include any number of buildings 102-106 (e.g., a first through
nth building). Buildings 102-106 may also include any num-
ber of different types of buildings, such as various types of
commercial buildings. For example, building 102 may be an
office building, building 104 may be a manufacturing facility,
and building 106 may be a hospitality facility, such as a hotel.
Other exemplary buildings in buildings 102-106 may include,
but are not limited to, data centers, schools, shipping facili-
ties, and government buildings. Buildings 102-106 may
include any combination of the different building types. For
example, buildings 102-106 may include ten office buildings,
twenty manufacturing facilities, and thirty hospitality facili-
ties.

Buildings 102-106 may be located within the same geo-
graphic regions as one another or across different geographic
regions. For example, building 102 and building 104 may be
located in the same city, while building 106 may be located in
a different city. Different levels of granularity may be used to
distinguish buildings 102-106 as being located in the same
geographic region. For example, geographic regions may be
divided by country, state, city, metropolitan area, time zone,
zip code, area code, latitude, longitude, growing zone, com-
binations thereof, or using any other geographic classification
system. According to one embodiment, a building’s geo-
graphic location may be used as a proxy for its climatic zone.



US 9,152,610 B2

5

For example, data regarding a building’s location in Hawaii
may be used to determine that the building is located in a
tropical climate.

Buildings 102-106 may be equipped with sensors and other
monitoring devices configured to measure building data
related to the building’s energy consumption. For example,
buildings 102-106 may have devices (e.g., computing
devices, power meters, etc.) configured to measure the water
consumption, energy consumption, and energy demand of the
buildings. Other forms of building data may include the mea-
sured temperature in the zones of a building, the dimensions
of'the building (e.g., square footage, etc.) and any other mea-
sured value that relates to the building’s energy usage profile.
In some cases, building data may also include data used in a
building’s automation system. For example, building data
may also include control parameters, such as temperature set
points used to regulate the temperate in a building and timing
data used to automatically turn on or off parts of the lighting
within the building at various times (e.g., the lights may be
turned off in an area of the building at night).

According to various embodiments, readily available data
may be used to determine and model a building’s energy
consumption. For example, billing data may be received from
a utility 114 (e.g., billing data from the utility) that indicates
the building’s energy consumption, the financial costs asso-
ciated with the energy consumption, etc. In keeping with the
principles of lean energy analysis, billing data from a utility
and other forms of readily available data may be used to
model and analyze a building’s energy consumption. Such an
approach may simplify and reduce the cost of performing the
energy analysis over approaches that rely heavily on sensor
data from a building.

Building data may include data regarding the weather
where a building is located. In some embodiments, the
weather data may be generated by weather-sensing equip-
ment at buildings 102-106. For example, building 104 may be
equipped with temperature sensors that measure the build-
ing’s external temperature. In some embodiments, building
data may include weather data received from a weather data
source located in proximity to the building. In further
embodiments, building data may include weather data for a
typical meteorological year (TMY) received from a historical
weather data source 112 (e.g., a computer system of the
National Oceanic and Atmospheric Administration or similar
data source). In the United States of America, the first set of
TMY data was collected between 1948-1980 from various
locations throughout the country. A second set of TMY data
(TMY?2), which also includes data regarding precipitable
moisture, was collected between 1961-1990. In addition, a
third set of TMY data (TMY3), was collected from many
more locations than TMY?2 data over the span of 1976-1995.
Regardless of the version used, TMY data may be used to
compare current conditions to normal or predicted condi-
tions, in some embodiments. In further embodiments, TMY
data may be used to predict future conditions of a building
(e.g., by using the historical data to predict typical future
weather conditions) or future energy consumptions by a
building. For example, TMY data may be used to predict an
average outdoor temperature change for a building during the
upcoming month of March. TMY data may be stored by the
building automation systems of buildings 102-106 or data
acquisition and analysis service 110 and used to model the
heating and cooling needs of buildings 102-106. As used
herein, “TMY data” may refer to any version or set of TMY
data (e.g., TMY2 data, TMY3 data, etc.).

Network 108 may be any form of computer network that
relays information between buildings 102-106 and a data
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acquisition and analysis service 110. For example, network
108 may include the Internet and/or other types of data net-
works, such as a local area network (LAN), a wide area
network (WAN), a cellular network, satellite network, or
other types of data networks. Network 108 may also include
any number of computing devices (e.g., computer, servers,
routers, network switches, etc.) that are configured to receive
and/or transmit data within network 108. Network 108 may
further include any number of hardwired and/or wireless
connections. For example, building 102 may communicate
wirelessly (e.g., via WiFi, ZigBee, cellular, radio, etc.) with a
transceiver that is hardwired (e.g., via a fiber optic cable, a
CATS cable, etc.) to other computing devices in network 108.

Data acquisition and analysis service 110 may be one or
more electronic devices connected to network 108 configured
to receive building data regarding buildings 102-106 (e.g.,
either directly from buildings 102-106 or from another com-
puting device connected to network 108). In various embodi-
ments, data acquisition and analysis service 110 may be a
computer server (e.g., an FTP server, file sharing server, web
server, etc.) or a combination of servers (e.g., a data center, a
cloud computing platform, etc.). Data acquisition and analy-
sis service 110 may also include a processing circuit config-
ured to perform the functions described with respect to data
acquisition and analysis service 110. The building data may
be received by the processing circuit of data acquisition and
analysis service 110 periodically, in response to a request for
the data from data acquisition and analysis service 110, in
response to receiving a request from a client device 116 (e.g.,
auser operating client device 116 may request that the build-
ing data be sent by the computing device), or at any other
time.

Data acquisition and analysis service 110 may be config-
ured to model the energy usage profiles of buildings 102-106
using the received building data, according to various
embodiments. For example, data acquisition and analysis
service 110 may utilize lean energy analysis (e.g., using
readily available data, such as utility billing data) to model the
energy usage profiles of buildings 102-106. In some embodi-
ments, data acquisition and analysis service 110 may use the
received building data in an inverse building energy model
that uses weather data as an independent variable and energy
bill data divided by the area of the building as the dependent
variable. In other words, the model may make use ofhistorical
weather data to predict the energy costs for the building using
lean energy analysis. Data acquisition and analysis service
110 may also generate and provide various reports to client
116, which may be located within one of buildings 102-106 or
at another location.

In other embodiments, data acquisition and analysis ser-
vice 110 may be implemented at one or more of buildings
102-106. For example, data acquisition and analysis service
110 may be integrated as part of the building automation
system of buildings 102-106 (e.g., as part of a distributed
implementation). In such a case, building data may be shared
by the computing devices in buildings 102-106 that imple-
ment the functions of data acquisition and analysis service
110 with one another via network 108. For example, comput-
ing devices at buildings 102-106 may be configured to col-
laboratively share building data regarding their respective
building’s energy consumption and demand. The sharing of
building data among the buildings’ respective computing
devices may be coordinated by one or more of the devices, or
by a remote coordination service. For example, a remote
server connected to network 108 may coordinate the sharing
otf’building data among the electronic devices located at build-
ings 102-106.
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Referring now to FIG. 2, a block diagram of a processing
circuit 200 configured to analyze energy-related statistics of a
building is shown, according to an exemplary embodiment. In
various embodiments, processing circuit 200 may be a com-
ponent of a data acquisition and analysis service (e.g., data
acquisition and analysis service 110 in FIG. 1) or any other
computing device configured to analyze energy-related char-
acteristics and statistics of a building.

Processing circuit 200 includes processor 202 and memory
204. Processor 202 may be or include one or more micropro-
cessors (e.g., CPUs, GPUs, etc.), an application specific inte-
grated circuit (ASIC), a circuit containing one or more pro-
cessing components, a group of distributed processing
components (e.g., processing components in communication
via a data network or bus), circuitry for supporting a micro-
processor, or other hardware configured for processing data.
Processor 202 is also configured to execute computer code
stored in memory 204 to complete and facilitate the activities
described herein. Memory 204 can be any volatile or non-
volatile computer-readable storage medium, or combinations
of storage media, capable of storing data or computer code
relating to the activities described herein. For example,
memory 204 is shown to include computer code modules
such as a building classifier 208, a building energy modeler
210, a statistics analyzer 214, a report generator 216, and an
outlier detector 218. When executed by processor 202, pro-
cessing circuit 200 is configured to complete the activities
described herein.

Processing circuit 200 also includes a hardware interface
220 for supporting the execution of the computer code build-
ing classifier 208, building energy modeler 210, statistics
analyzer 214, report generator 216, and outlier detector 218.
Interface 220 may include hardware configured to receive
data as input to processing circuit 200 and/or communicate
data as output to another computing device. For example,
processing circuit 200 may receive building data 206 from
one or more sensors, databases, or remote computing devices.
Interface 220 may include circuitry to communicate data via
any number of types of networks or other data communica-
tion channels. For example, interface 220 may include cir-
cuitry to receive and transmit data via a wireless network or
via a wired network connection. In another example, interface
220 may include circuitry configured to receive or transmit
data via a communications bus with other electronic devices.

Memory 204 may include building data 206. In general,
building data 206 may include any data relating to the char-
acteristics of one or more buildings. In some embodiments,
building data 206 may include sensor data generated by sen-
sors associated with one or more buildings. Sensor data may
include, but is not limited to, data regarding the energy use by
the building (e.g., a measured demand, a measured consump-
tion, etc.), a measured humidity or temperature internal or
external to the building, security system data (e.g., a video
feed, access logs, etc.), or a measured water use by the build-
ing. Associated with such data may also be a financial cost
(e.g., an energy cost based on the building’s energy usage).

Building data 206 may include billing data from one or
more utilities that supply the building. For example, building
data 206 may include billing data from a utility that provides
the building with electrical power. In another example, build-
ing data 206 may include billing data from a utility that
supplies water to the building.

Building data 206 may include data from a building’s
control system, such as set point data (e.g., temperature set
points, energy use set points, etc.), control variables or param-
eters, and calculated metrics from the building’s control sys-
tem. In some cases, this data may be used by processing
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circuit 200 to determine or predict a building’s energy use or
to detect excessive consumption. For example, processing
circuit 200 may determine that a building’s HVAC system is
consuming excessive energy.

Building data 206 may include data regarding the physical
characteristics of a building. For example, building data 206
may include data regarding the building’s geographic loca-
tion (e.g., street address, city, coordinates, etc.), dimensions
(e.g., floor space, stories, etc.), use type (e.g., office space,
hospital, school, etc.), or building materials. Similarly, build-
ing data 206 may include weather data for a building’s geo-
graphic location, in some embodiments. For example, build-
ing data 206 may include weather data indicative of the
climate where the building is located (e.g., the building isin a
tropical climate, in a temperate climate, etc.). The weather
data may be, or may include, TMY data, in various embodi-
ments. The weather data may also include historical weather
measurements from near-by the building’s location. This may
be obtained from either on-site sensors or an archived data
from other nearby locations (e.g., airports, national weather
stations, etc.).

Memory 204 may include building classifier 208. Building
classifier 208 may be configured to categorize a building
using building data 206 and to identify one or more similar
buildings. In various embodiments, building classifier 208
may compare one or more characteristics of a building to that
of one or more other buildings, to determine whether the
buildings are similar. Characteristics compared by building
classifier 208 may include, but are not limited to, the climates
where the buildings are located, the usage types of the build-
ings, or the dimensions of the buildings. For example, office
buildings that are both located in tropical climates may be
classified as being similar to one another by building classifier
208. In some cases, a building’s climate may affect the build-
ing’s systems (e.g., HVAC) and building codes, which may
also influence the building’s energy use. For example, a build-
ing in a tropical climate may include HVAC cooling systems
and operate primarily to cool the building. Similarly, a build-
ing’s usage type may also affect the building’s energy use. For
example, a data center may use more energy than a school,
due to the extra power consumed by the data center’s com-
puting devices.

In one embodiment, building classifier 208 may classify
buildings belonging to the same enterprise as being similar. In
some cases, an enterprise may use the same building design or
similar building design through the enterprise. For example,
branches of a bank may have the same or similar building
designs. In another example, franchise locations of a fast-
food restaurant may have the same or similar building
designs. Such a classification may be based solely on the
respective buildings’ layouts being the same or may be based
on one or more additional factors. For example, only build-
ings of an enterprise that are located in the same climate may
be classified as being similar by building classifier 208.

Memory 204 may include building energy modeler 210
configured to model the energy use of a building using one or
more building characteristics in building data 206. Any form
of model may be used by building energy modeler 210 to
model a building’s energy use. For example, building energy
modeler 210 may use parametric models (linear regression,
non-linear regression, etc.), nonparametric models (neural
networks, kernel estimation, hierarchical Bayesian, etc.), or
something in between, such as a Gaussian process model to
model a building’s energy use, according to according to
various embodiments. In one embodiment, building energy
modeler 210 models the energy use of a building using linear
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regression. In various implementations, building energy
modeler 210 may model the energy use (E) of a building as
follows:

E=Po+Px 1+ . .. +P,x,+€

where E is the dependent variable representing the energy use
(e.g., measured in kilowatt-hours), x, is an independent vari-
able, {3, is an element of the parameter vector, and € is an error
factor (e.g., a noise factor). In other words, any number of
independent variables may be used by building energy mod-
eler 210 (e.g., weather data, occupancy data, etc.) within an
energy use model to model a building’s energy use.
Building energy modeler 210 may use any number of dif-
ferent estimation techniques to estimate the values of param-
eter vectors (3;) used in a parametric energy use model. In
some embodiments, building energy modeler 210 may use a
partial least squares regression (PL.SR) method to determine
the parameter vectors. In further embodiments, building
energy modeler 210 may use other methods, such as ridge
regression (RR), principal component regression (PCR),
weighted least squares regression (WLSR), or ordinary least
squares regression (OLSR). Generally, a least squares esti-
mation problem can be stated as follows: given a linear model

Y=XP+e, e~N(0,0°1)
find the vector that minimizes the sum of squared error RSS:
RSS=||Y-Xp|2.

In the above equations, Y is a vector that contains the indi-
vidual n observations of the dependent variable and X isan by
p+1 matrix that contains a column of ones and the p predictor
variables at which the observation of the dependent variable
was made. € is a normally distributed random vector with zero
mean and uncorrelated elements. According to various exem-
plary embodiments, other methods than using PL.SR may be
used (e.g., weighted linear regression, regression through the
origin, etc.)

The optimal value of f} based on a least squares estimation
has the solution:

=Xy
where B is a normal random vector distributed as:
-N(p.? () ).

The resulting sum of squared error divided by sigma squared
is a chi-square distribution:

RSS
oz " Xn-(pr1)

The difference in coefficients is distributed as:
AP=p1-BrN(0,0° X, X))+ X))

The quadratic form of a normally distributed random vector
where the symmetric matrix defining the quadratic form is
given by the inverse of the covariance matrix of the normal
random vector is itself a chi-square distributed random vari-
able with degrees of freedom equal to the length of Ap:

AR X + (XX TR,

Xp+1-

o2

Additionally, the sum of two independent chi-square distri-
butions is itself a chi-square distribution with degrees of
freedom equal to the sum of the degrees of freedom of the two
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original chi-square distributions. Thus, the sum of the two
root sum squared errors divided by the original variance is
chi-square distributed, as:

RSS; + RSS,

2
2 Xy +np=2p+1):

n, and n, are the number of data points used to estimate the
model coefficients By, B

Building energy modeler 210 may store parameter esti-
mates and other data associated with the energy use model as
building statistics 212. For example, building statistics 212
may include the determined model parameters (f3;), energy
use (E), and any associated error measurements, such as a
calculated RSS or coefficient of variation of a root mean
square deviation (CVRMSE) score. In some embodiments,
building energy modeler 210 may also use the model to
generate other statistics regarding a building, such as an out-
door air flow rate, temperature set point, etc.

According to various embodiments, building energy mod-
eler 210 may generate normalized statistics and store the
generated statistics in building statistics 212. For example,
energy use statistics may be normalized by building energy
modeler 210 to account for changes in the weather at a build-
ing’s location. In some embodiments, building energy mod-
eler 210 may calculate normalized energy use of a building by
driving the building’s model using TMY data. A cooling or
heating degree day value may also be used by building energy
modeler 210. Generally, cooling degree days are calculated
by integrating the positive difference between the time vary-
ing outdoor air temperature and the building’s cooling
breakeven temperature. Similarly, heating degree days are
calculated by integrating the positive difference between the
heating breakeven temperature and the time varying outdoor
air temperature. Breakeven temperature corresponds to a
single outdoor air temperature that coincides with the onset of
the need for mechanical heating or cooling within the build-
ing. The integration interval is typically one month but other
intervals may be used. For example, a cooling degree day
(CDD) may be calculated as follows:

month
CDD = f Max{0, (Tps — Tpg)}dt

where T, is the outdoor air temperature of the building and
Tzz is the cooling breakeven temperature as previously
defined. An alternative for calculating cooling or heating
degree days is to assume a breakeven temperature (e.g. cool-
ing breakeven temperature of 65° F.) regardless of the build-
ing characteristics. This approach is commonly used where
breakeven temperatures are calculated based on geographical
location (e.g. by city) inlieu of actual building characteristics.
This approach is less accurate for building modeling but is
common. Degree days may be used in the linear regression
model by building energy modeler 210 as a dependent vari-
able (e.g., as X, ). Degree days can also be used as statistics for
benchmarking.

Understanding that the predicted consumption and model
coefficients obtained from building energy modeler 210 are
actually normally distributed random variables with calcu-
lable mean and variance allows exemplary statistics that may
be generated and stored in building statistics 212 to include
mean and variance of: [} and energy intensity values obtained
by using billing data divided by area as the dependent value in
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building energy modeler 210 and the normalized annual con-
sumption intensity (I, ) values obtained using the f§ inten-
sity values driven by TMY data as the independent data
input(s)

Memory 204 may include statistics analyzer 214 config-
ured to analyze and compare statistics between two or more
buildings. In some embodiments, statistics analyzer 214 may
compare building statistics for buildings having the same or
similar classifications, as determined by building classifier
208. For example, statistics analyzer 214 may compare one or
more of a building’s statistics in building statistics 212 to
those buildings having the same climate and usage type (e.g.,
statistics for a data center located in a tropical climate may be
compared to other data centers located in tropical climates).

Statistics analyzer 214 may perform univariate or multi-
variate statistical analysis on building statistics 212, accord-
ing to various embodiments. In general, univariate statistical
analysis refers to the analysis and comparison of a single type
of statistic. Exemplary statistics that may be compared may
include, but are not limited to, normalized annual consump-
tion intensity (I,,,.) values for the buildings and intensities
for §§ values (e.g., the energy use model coefficients) of the
same type from the buildings’ respective models (e.g., the
intensities of the  values relating to weather data, the
values relating to the bill data divided by area, etc.). Multi-
variate statistical analysis, in contrast, allows multiple param-
eters used in a building’s model to be analyzed together. For
example, statistics analyzer 214 may compare vectors of
model parameters instead of singular model parameters, in
some embodiments.

To compare normalized statistics for a class of buildings,
the same TMY data for the class may be used by building
energy modeler 210 to model the buildings in the class,
according to some embodiments. In some embodiments, the
mean and standard deviation of a particular type of statistic
for buildings having the same classification may be deter-
mined by statistics analyzer 214. In other embodiments, sta-
tistics analyzer 214 may instead calculate robust estimators of
the mean and standard deviation. For example, statistics ana-
lyzer 214 may determine a robust estimator of the mean when
using multivariate statistical analysis on building statistics
212. Statistics analyzer 214 may use the calculated mean and
standard deviations, or robust estimates thereof, to define a
probability density function for a building statistic for a given
class of buildings. Statistics analyzer 214 may also determine
confidence intervals for the building statistic under analysis.
In general, a confidence interval provides a range of values in
which the true value of an estimate is likely to exist. For
example, a 95% confidence interval may be a range of values
where the true value is likely to be within the given range with
a confidence of 95%.

Memory 204 may include outlier detector 218 configured
to detect an outlier statistic among the statistics compared by
statistics analyzer 214. In some embodiments, one or more
statistics of a test building may be compared to the probability
distribution of those statistics for the other buildings in the
same class as the test building. For example, outlier detector
218 may determine that a building’s statistic is an outlier for
the class based on how many standard deviations the statistic
is above or below the mean for the distribution. In some
embodiments, outlier detector 218 may use a robust estimator
of the mean and covariance from statistics analyzer 214 to
detect an outlier. If univariate statistical analysis is used to
compare building statistics, outlier detector 218 may use any
number of outlier detection techniques to identify an outlier
value. For example, outlier detector 218 may use a general-
ized extreme studentized deviate test (GESD), Grubb’s test,
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or any other form of univariate outlier detection technique. In
some cases outliers may be determined simply as the top or
bottom fixed percentile of the building statistics (e.g., the
lowest 5% of the buildings may be deemed outliers).

In some embodiments, outlier detector 218 may use a
distance value between statistics, to detect an outlier. For
example, outlier detector 218 may determine a Gaussian or
Mahalanobis distance to compare statistics. Such a distance
may represent a statistical distance away from the typical
building in the class. If the Mahalanobis distance for a test
building is above a critical value, outlier detector 218 may
generate an indication that the building’s one or more statis-
tics are outliers in relation to the other buildings in the class.
In some embodiments, outlier detector 218 may project the
distance onto the vector directions defining changes in a
building’s parameters to determine the root cause. Other out-
lier detection techniques that may be used by outlier detector
218 include, but are not limited to, Wilkes” method (e.g., if
multivariate analysis is used) and various cluster analysis
techniques.

Outlier detector 218 may be configured to detect excessive
consumption by a building. In some embodiments, outlier
detector 218 may perform one or more null hypothesis tests
using building statistics 212 and a building’s model generated
by building energy modeler 210. In general, hypothesis test-
ing allows for the detection of an observed value that is
statistically significant (e.g., the result is not a function of
random chance). Exemplary hypothesis tests include F-tests
and chi-squared tests. In some embodiments, hypothesis test-
ing may be used to test one or more values against a baseline,
as described in U.S. patent application Ser. No. 13/252,092
entitled “Systems and Methods for Detecting Changes in
Energy Usage In a Building” and filed on Oct. 3, 2011, the
entirety of which is hereby incorporated by reference.

Memory 204 may include report generator 216 configured
to generate a report using data from statistics analyzer 214
and/or outlier detector 218. A report generated by report
generator 216 may be, but is not limited to, graphs (e.g., bar
graphs, box and whisker graphs, etc.), tables, textual reports,
and other forms of graphical representations of the compared
statistics for a test building and those of other buildings in the
same class. For example, report generator 216 may generate
a graph of a probability distribution of a statistic for the class
of buildings that includes an indication of where the test
building’s statistic falls within the distribution. A report gen-
erated by report generator 216 may include an indication of'a
detected outlier statistic from outlier detector 218, in some
embodiments.

Report generator 216 may provide a generated report to an
electronic display directly or indirectly via interface 220. For
example, report generator 216 may provide a generated report
directly to an electronic display connected to interface 220. In
another example, report generator 216 may provide a gener-
ated report to a remote device for display on the device’s
display (e.g., the report may be provided to a remote device
connected to processing circuit 200 via a network). In a fur-
ther example, report generator 216 may provide a generated
report to a printer via interface 220.

In some cases, a report generated by report generator 216
may be used to set realistic priorities and goals when imple-
menting ECMs (e.g., by upgrading a building’s HVAC equip-
ment to more energy-efficient equipment). For example,
assume that a report generated by report generator 216 indi-
cates that a building’s energy use is in the ninety-ninth per-
centile among buildings in its class. In such a case, the mean
statistic for the class’ probability distribution may provide an
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estimate for the expected improvement to the test building’s
energy use, should ECMs be implemented.

In further cases, a report generated by report generator 216
may be used by an individual to identify potential equipment
faults. For example, a building that has already implemented
ECMs and has an energy use that is statistically higher than a
threshold value may be identified as possibly having an
equipment fault. In various embodiments, a report may gen-
erally identify a building as being a statistical outlier among
its class (e.g., indicating that further analysis may be needed)
or may even include diagnostic information that may be used
by a technician to correct the abnormality (e.g., the report
may indicate that a building’s rate of heating or cooling is
lower than other buildings in its class, etc.).

Univariate Analysis of Building Statistics

In various embodiments, a single statistic derived from a
building’s energy use model may be compared to those of
other buildings in the building’s class. For example, a value
relating to the building’s energy use may be compared statis-
tically to those of other buildings in the same class (e.g., by
comparing normalized annual consumption intensities, etc.).
Similarly, other statistics generated by building energy mod-
eler 210 may be compared to the corresponding value from
other buildings in the same class (e.g., the intensity of f,, p;,
etc.). Such a comparison may be used, for example, to deter-
mine whether the building is a good candidate for ECMs, to
set realistic expectations when implementing ECMs, or to
determine whether a potential fault exists in the building’s
equipment.

Referring now to FIG. 3, a flow chart of a process 300 for
analyzing energy-related statistics of a building is shown,
according to one embodiment. Process 300 may be imple-
mented by one or more computing devices, such as by a data
acquisition and analysis service, by a building’s control sys-
tem, or the like. Generally, process 300 allows for a value
derived from a building’s energy use model to be compared to
those of similar buildings.

Process 300 includes generating a building energy model
for a building (step 302). In various embodiments, the energy
model may be a regression model that uses a value relating to
the building’s energy use as the dependent variable. Any
number of independent variables that may affect the build-
ing’s energy use (e.g., weather data for the building’s loca-
tion, the building’s occupancy, etc.) may be used in the
model. In a simple example using only weather data as an
independent variable, a building’s energy use may be mod-
eled as follows:

E=Po(#days)+p (CDD)+ . . . +€;

where E is the dependent variable representing the building’s
energy use, CDD is a cooling degree day value for the build-
ing, B, is a first parameter, 3, is a second parameter corre-
sponding to the weather-related input, and €, is an error factor
(e.g., anoise factor). For example, actual outdoor air tempera-
ture measurements for the building may be used to determine
the building’s CDD or HDD data. In general, the optimal
value of f for the model based on a least squares estimation
has the solution:

=0y
where X represents the actual weather data for the building
and Y represents the billing data for the building. In one
embodiment, billing data used as the independent variable, E,
may be divided by the building’s area (e.g., to determine an
energy use per unit of floor area, such as ft*).

Process 300 may include classifying the building and one
or more other buildings (step 304), in some embodiments.
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Any number of combinations of a building’s characteristics
may be used to classify the building. In some embodiments,
buildings may be classified by usage type. For example, a
building may be classified as a commercial real estate (CRE)
building (e.g., office building), a hospitality building (e.g., a
hotel), a school, a data center, etc. A building’s usage type
may indicate the types of equipment in the building that may
affect the building’s energy use. For example, a data center
may have a higher energy use than a school, due to the energy
demands of the servers in the data center.

In some embodiments, a building may be classified by the
climate where the building is located. In one embodiment,
location data for the building may be used to determine the
climate for the building’s location. For example, location data
for a building may include the building’s zip code, area code,
street address, latitude, longitude, city, state, country, build-
ing codes, or any other form of location data. In general, a
building’s climate may affect the building’s HVAC configu-
ration (e.g., the equipment of a building in a tropical climate
may primarily operate to cool the internal temperature of the
building). A building’s climate may also affect the energy use
by the building’s HVAC equipment, due to weather fluctua-
tions (e.g., by affecting the amount of heating or cooling
needed to maintain an internal temperature set point relative
to the outdoor temperature).

Historical weather data may be associated with a build-
ing’s climate or location. In some cases, the historical
weather data may be recorded directly by the building’s
equipment (e.g., a measured outdoor air temperature, a mea-
sured outdoor humidity, etc.). In other cases, the historical
weather data may be weather data measured over the course
of' decades. For example, a single set of representative TMY
data could be used to determine normalized annual consump-
tion (NAC) intensity statistics for the building and the other
buildings with the same classification. Such a value may be
determined, for example, using the least squares estimation
corresponding to:

Tnac = ﬁTXTMY
Ndays/yr
Xrmy =| CDrmy yr
HDDmyy,yr

where CDD, ,r-and HDD, ;- are cooling and heating degree
days calculated using TMY data and f is determined from
building energy modeler 210 where the independent variable
datais normalized by floor area and is time synchronized with
the dependent variable data.

Process 300 includes calculating building statistics for the
buildings under analysis (step 306). The buildings under
analysis may include a plurality of buildings belonging to the
same class, in one embodiment. For example, building statis-
tics for aschool located in a moderate climate and one or more
other schools located in the same climate may be calculated.
In some embodiments, the statistics may be normalized,
allowing a direct comparison of the statistics to be made
between a test building and other buildings in the same class.

Invarious embodiments, a building’s energy model may be
a regression model that can be solved to determine a build-
ing’s statistics. For example, a parameter estimation tech-
nique (e.g., PLSR, OLSR, RR, etc.) may be used to estimate
the B, parameters in the building’s energy use model. Calcu-
lations may also be made to evaluate the reliability of the
model and/or to detect abnormal values that depart from the
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model (e.g., statistics regarding the model itself). For
example, a coefficient of determination, t-statistic, f-statistic,
or other evaluative measurement may also be calculated with
the building’s energy use model. Other forms of energy use
models may also be used (e.g., a non-linear model, etc.) and
their resulting values used to derive the building statistics.

In general, building statistics may correspond to any value
derived from the building’s energy use model. For example, a
building statistic may be a normalized annual consumption
intensity (Iy,-) value or an intensity value for one of the
model’s §, parameters, if a regression model is used to model
the building’s energy use. Further exemplary building statis-
tics that may be derived from a building’s energy use model
may include, but are not limited to, the building’s thermal
efficiency (1), the building’s thermal conductance area prod-
uct (UA), temperature set point (T,,,,), outdoor air flow
(Flow,,,), or other such values.

Process 300 includes analyzing one or more of the normal-
ized test statistics for the buildings under study and for the
buildings having the same classification (step 308). In some
embodiments, a probability density function may be gener-
ated for the buildings having a particular classification. For
example, a probability density function may be generated for
data centers located in tropical climates using their normal-
ized annual consumption intensities. A comparison may be
made between such a probability density function and the
statistic for the building under study. For example, the build-
ing’s statistic may be compared to the probability distribution
function to determine the difference in standard deviations
between the mean and the building statistic.

The analysis of the building statistics may include detect-
ing an outlier. In some embodiments, the difference between
the statistic for the building under study and those of the
buildings in the class may be compared to a threshold value.
For example, if the difference between the statistic for the
building and the mean for the buildings in the class is greater
than a threshold value, the building’s statistic may be identi-
fied as being an outlier. Other techniques to identify a statis-
tical outlier may also be used. In various embodiments, a
geometric approach may be used (e.g., the distance between
a statistic and its k-nearest neighbors may be evaluated to
detect an outlier) or other statistical approaches may be used
(e.g., Peirce’s criterion, the GESD method, Chauvenet’s cri-
terion, etc.).

Process 300 further includes generating a report based on
the analyzed statistics (step 310). The generated report may
include data regarding a comparison of the statistic for a
building and the statistics for one or more other buildings in
its class. For example, a generated report may include a graph
of'aprobability distribution function of a statistic for a class of
buildings (e.g., hotels located in temperate climates) and an
indication of how the statistic for a particular building com-
pares to the class. The generated report may also include data
regarding any detected outlier statistics. For example, the
report may include only an indication that a building’s statis-
tic is an outlier compared to its class or may include diagnos-
tic information regarding possible causes of the statistic.

Referring now to FIG. 4A, an illustration 400 of an energy-
related building statistic being compared with the statistics of
other buildings is shown, according to one embodiment. In
the example shown, a building may be classified (block 412),
its normalized energy use intensity modeled (block 402), and
a statistic related to the building’s energy use may be com-
pared to those of other buildings having the same classifica-
tion (block 432). In some embodiments, univariate statistical
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analysis may be used to evaluate the statistic for the building
under study and the statistics for the other buildings having
the same classification.

Buildings may be classified using any number of charac-
teristics (by their usage type, climate, age, installed equip-
ment, etc.), according to one embodiment. For example,
buildings may be classified by their respective climates
(block 418). In some cases, a building’s climate may be
determined based on the building’s geographic location. For
example, a building’s zip code 414 may be used to determine
the climate classification and to retrieve the TMY data for that
climate as needed to drive the model 406. Other exemplary
geographic inputs include a building’s city, area code, or
coordinates.

Based on weather data 416, the building’s climate may be
determined and used to associate the building with one of
climate classifications 426. In general, a building’s climate
affects the operational mode and control logic for the build-
ing’s HVAC system. For example, a building located in a hot
climate may have an HVAC system that primarily operates in
a cooling dominate manner. The cooling or heating require-
ments of the building may also affect the building’s energy
use (e.g., a building requiring more heating may use more
energy). In some cases, the cooling or heating requirements of
a building may be quantified using an HDD or CDD value,
which may be included in weather data 416 or derived at
block 418. Exemplary climate classifications may include,
but are not limited to, cooling dominate climates, heating
dominate climates, mixed climates (e.g., climates that require
both heating and cooling at different times of the day, month,
or year), moderate climates (e.g., climates in which building
may not require much heating or cooling), tropical climates,
and the like.

A building may also be classified by its usage type (block
422). Input data 420 from a user (e.g., data received via a user
interface device) may be used to associate the building with
one of usage type classifications 424. In some cases, input
data 420 may simply include a selection of one of usage type
classifications 424. In other cases, input data 420 may include
answers to questions regarding the building. For example, a
survey may be provided to an electronic display that includes
questions regarding the building (e.g., they types of busi-
nesses that are located in the building, the type of equipment
in the building, etc.). Based on the received answers to the
questions, a matching usage type in usage type classifications
424 may be selected and associated with the building. Exem-
plary usage type classifications 424 include CRE buildings,
data centers, hospitality centers, schools, etc.

The energy use of a building under study may be modeled
and analyzed using the building’s characteristics. For
example, the billing data, actual weather data, and area data
for the building may be used to generate an energy use model
for the building. Billing data may include data indicative of
energy consumption (e.g., measured in kWh), energy
demand, water consumption, or one or more associated costs.
In some cases, the billing data may be divided by the build-
ing’s area in the building’s energy use model. For example,
the dependent variable in the energy use model may corre-
spond to one or more measured energy consumptions per
square foot of the building.

Energy use models may be generated for the other build-
ings in the same class as the building under study, in a similar
manner as the building under study. For example, billing data
and actual weather data for the buildings may be used within
regression models to model the buildings’ energy consump-
tions. The resulting §; parameters from these models may be
used, in some embodiments, to compare the buildings. For
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example, an intensity value for a 3, parameter for a building
may be used as a compared value 410 to compare the build-
ing’s statistic to other buildings in its class.

Normalized statistics for the building under study may also
be determined (block 402) and compared between buildings
in a class. For example, TMY2 data 404 may be selected
based on the building’s classification (e.g., the building’s
location may be used to determine the corresponding TMY2
data). In such a case, the TMY2 data 404 may be used to drive
energy use model 406, to determine an NAC value for the
building. For example, a normalized annual consumption
intensity (I,,) value may be determined from the modeled
independent variable of energy use model 406. Other statis-
tics may also be normalized for the building under study
across all buildings in its class. For example, the building’s
calculated thermal efficiency (), thermal conductance area
product (UA), temperature set point (T,,,,), outdoor air flow
(Flow,), or any other statistic may be normalized and com-
pared to those of other buildings in its class.

Similar to the building under study, normalized statistics
also may be derived from the energy use models for each
building belonging to a particular class. For example, normal-
ized intensity values (e.g., Ly,e, Ig;s Ips, €tc.) may be deter-
mined using the respective buildings’ energy use models. In
the example shown, the resulting statistics for a class of
buildings may be used to generate probability distribution
functions 428 for each of the statistics. Probability distribu-
tion functions 428 may include, for example, a probability
distribution function for the normalized annual consumption
intensities of the hospitality buildings located in cooling
dominate climates. Various metrics associated with probabil-
ity distribution functions 428 may also be calculated, such as
a distribution’s mean, median, mode, or standard deviation.

In one embodiment, further statistical analysis may be used
to evaluate probability distribution functions 428. The under-
lying data may include population data or sampled data from
a population. Population data may come from situations
where a customer has data from all similar buildings in a
portfolio (e.g. bank branch offices). Sample data may come
from situations where it is either impractical or impossible to
get data for all members of a population (e.g. commercial
office buildings in a moderate climate). For population data
from a near normal distribution; the calculated population
mean (f3) and standard deviation (o) can be used to calculate
100(1-a) % confidence intervals for the statistic X as fol-
lows:

W=Zeyo O X <2/ O

In another embodiment, less than the full population may be
used by finding the values such that a fraction of a/2 is less
than the threshold and a fraction of a/2 is greater than the
threshold. For near normal sample data, point and interval
estimates can be used to infer information about the popula-
tion statistics. Point estimates use sample data to derive a
single number that is the most plausible value of a population
statistic. For example, point estimates for the population
mean and standard deviation obtained from the sample mean
X and standard deviation S are:

(=X and 6=5
The sampling distributions of X and S can be used to under-
stand the margin of error in the point estimates. A 100(1-a.) %
confidence interval on the population mean p can be calcu-
lated from the sampling distribution of the sample mean:
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- N o N

X —lapp-1- oy <P<X +lappr oy

Where n equals the number data points in the sample. Like-
wise a 100(1-a)% confidence interval on the population vari-

ance (07) can be calculated from the sampling distribution of
the sample variance S? as follows:

(n—1)8?

Xg//Z,nfl

(n—1)8?

2
Xl-ap2.n-1

<ot <

Where X? is a chi squared distribution.

In some embodiments, hypothesis testing may be per-
formed to make a statement about population parameters
from sample data for buildings in a particular class. Gener-
ally, a hypothesis test may test the validity of a hypothesis
regarding a set of data. For example, a hypothesis test may be
used to evaluate how well a regression model fits the energy
use data for the buildings. In some cases, a null hypothesis test
may be used which attempt to prove that a hypothesis is
wrong given a set of data. Exemplary hypothesis tests may
include, but are not limited to, F-tests, t-tests, and chi-squared
tests. In one example, a hypothesis test may be used to test the
hypothesis that a building statistic (x) comes from the distri-
bution of the same building statistic for a given classification.
In such a case we reject the null hypothesis and declare the
building’s statistic an outlier if either of the following holds
true:

. (l-a)
tmv( 7

or

n—1]<t

t<tinv(%,n— 1)

where t is the test statistic (t=x/s). A null hypothesis (H,) may
be tested against an alternate hypothesis (H,). Hypothesis
testing generally results in one of two outcomes: rejection of
the null hypothesis or failure to reject the null hypothesis.
Since failure to reject the null hypothesis does not mean that
the null hypothesis is true, the null hypothesis should be
selected such that rejection of the null hypothesis is meaning-
ful. For example, assume that the null hypothesis is that the
financial savings that result from implementing an ECM is
greater than or equal to a predicted savings and that the
alternate hypothesis is that the savings is less than the pre-
dicted amount. If the null hypothesis in this case is rejected,
the savings are not greater than or equal to the predicted
amount.

One of normalized statistics 410 may be compared to the
corresponding statistics from the other buildings in its class
(block 430). For example, the normalized annual consump-
tion intensity (I, ) of the building under study may be com-
pared to those of other buildings in its class. The comparison
in block 430 may include comparing the statistic to a prob-
ability distribution function for the class’ statistics. For
example, the comparison may include determining how many
standard deviations the building’s statistic is above or below
the mean of the probability distribution function for the other
buildings in the same class. The comparison may also include
determining whether the statistic for the building under study
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is above or below a threshold value relative to the probability
distribution function. For example, a statistic that is above or
below a threshold number of standard deviations above or
below the mean may be identified as requiring further atten-
tion. In some embodiments, outliers may be detected (e.g.,
using the GESD method, hypothesis testing, Wilks’ method,
cluster analysis, etc.). For example, the GESD or Wilks’
method may be performed iteratively to remove outliers
before comparing buildings’ statistics.

Various reports may be generated based on the comparison
between the statistics for the building under study and those in
the probability distribution function (block 432). In one
embodiment, a generated report may identify the building’s
relative performance based on the comparison (e.g., by iden-
tifying the building as being in the top or bottom x %, iden-
tifying the difference between the statistic and the median,
etc.). In another embodiment, a generated report may identify
whether the building under study is a good candidate for
ECMs. For example, a report may identify a building as being
a good candidate if the building’s normalized annual con-
sumption intensity is above a certain threshold value above
the mean of the probability distribution for its class. Similarly,
a generated report may indicate that an equipment fault may
exist in the building. For example, a building in which ECMs
were implemented and has a higher than average statistic may
be flagged for further diagnosis. A generated report may also
be used to set realistic performance goals for ECMs, based on
the performance of other buildings in its class in which the
ECMs were implemented.

Referring now to FIGS. 4B-4E, a more detailed example of
an energy-related building statistic being compared with the
statistics of other buildings is shown, according to an exem-
plary embodiment. FIGS. 4B-4E generally illustrate the use
of'lean energy analysis to compare buildings having the same
classification. Based on readily available data, such as billing
data, weather data for the buildings’ locations, etc., energy
use models for the buildings may be determined and used to
compare buildings within a given classification.

In FIG. 4B, data 436 may be received regarding a plurality
of'buildings. In one embodiment, data 436 may include data
regarding the floor area of a building, billing data for the
building (e.g., data from an electric utility, from a water
utility, etc., regarding the building’s consumption of a
resource, a cost of the consumption, etc.), location data for the
building, or data regarding the building’s usage type (e.g.,
whether the building is a data center, CRE, school, etc.). Data
436 may be obtained from readily available sources in accor-
dance with lean energy analysis, allowing the energy use of
the respective buildings to be modeled using minimal data
(e.g., without incurring the financial cost of conducting an
expensive energy audit).

Inblock 434, a regression model may be generated for each
building using the building’s corresponding data in data 436
(i.e., block 434 may be repeated for some or all of the build-
ings for which data 436 is known). For example, each build-
ing may be modeled as follows:

E=Py(#days)+p(CDD)+P,(HDD)+e

where E is the dependent variable representing the building’s
energy use, CDD is a cooling degree day value for the build-
ing, HDD is a heating degree day value for the building, € is
an error factor, and -3, are coefficients for the model.
Values for the dependent variables in the regression may be
obtained over any number of different time periods and used
to form a matrix of independent variables. For example, an
nxp matrix X may be formed using the independent variables
for the building (e.g., #days, CDD, HDD values, person days,
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etc.). Values in matrix X may correspond to values calculated
over a sliding time frame throughout the course of the year
(e.g., the first row of matrix X may contain values obtained
using data from September 2012-September 2013, the second
row of matrix X may contain values obtained using data from
October 2012-October 2013, etc.). A px1 vector p (e.g., con-
taining f3,, f,, P, etc.) and an nx1 vector € (e.g., containing €
values) may likewise be formed. Finally, the independent
variables representing n number of normalized energy con-
sumptions (e.g., energy consumption values divided by the
building’s floor area) may be used to form an nx1 vector Y. In
other words, the regression model may be represented in the
form:

Xp+r=¥

where X is a matrix containing the independent variables, f} is
a vector containing the model coefficients, r is the vector
containing the residuals, and Y is a vector of estimated energy
consumption values normalized by building floor area. The
estimated variance of the model error is given by:

and a covariance matrix ﬁﬁ equal to:
S=02(xTx)!
In various embodiments, any number of different regres-
sion techniques (e.g., OLSR, WLSR, etc.) may be used to
solve for the vector f§ containing the regression model coef-

ficients. For example, a least squares regression has the fol-
lowing solution for the model coefficients:

=Xy

where X7 is the transpose of the matrix X.

At block 440, the variables 438 for each building obtained
from their respective regression models may be stored in an
electronic memory. For example, a building’s cooling break
even temperature (T,, ), heating break even temperature
(T, ), model coefficients (e.g., the coefficient values in vec-
tor (3), and the covariance matrix X may be stored for each
building. Data 436 may also be stored in the memory for each
building. For example, a building’s floor area, billing data,
location data, or usage type may be stored in the memory with
the values from the building’s regression model.

Atblock 442, the data stored for each building in block 440
may be sorted and partitioned based on the buildings’ classi-
fications. For example, the buildings may be classified and
grouped based on their location, usage type, or any other
characteristic. Any number of different groups of buildings
may result depending on the type of classification used (e.g.,
a first through z” group of buildings). As shown, building
groups 446 may include a first group of data centers located in
a cooling dominate climate, a second group of CRE located in
amoderate climate, and a group of franchise restaurants (e.g.,
“Catfish Hut” restaurants). A set of TMY data 444 may also
be associated with each of building groups 446. For example,
TMY data for a cooling dominate climate may be associated
with the first group of buildings, TMY data for a moderate
climate may be associated with the second group of buildings,
etc.

Continuing the example of lean energy analysis in FIG. 4C,
normalized intensity values may be determined for each of
building groups 446 (e.g., for each building having a particu-
lar classification). The corresponding TMY data 444 for the
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building groups 446 may be used to drive the buildings’
energy use models, to determine the normalized intensity
values for the buildings. In general, these calculations allow
for the buildings’ energy consumptions to take into account
the typical changes in the weather throughout the year.

Inblock 452, TMY data 444 may be used for each building
in a particular class to determine CDD and HDD values 456
for the buildings. For example, a CDDy,,,- Value may be
determined as follows:

760
CDDryy = ﬁ Max{0, Toarmy — Tpecldt
0

where T, 1,y is the outdoor air temperature indicated by
TMY data 444,T,, is the cooling break even temperature for
the building and 8760 represents the time period over which
the CDD value is calculated (e.g., 24 hours*365 days=8760
hours). Similarly, an HDD,,,- value may be determined as
follows:

760
HDDmyy = ﬁ Max{0, Tpep — ToaTuy }dt
o

where T,,, is the heating break even temperature for the
building, Ty, , 75,y 15 the outdoor air temperature indicated by
TMY data 444,T,, , is the heating break even temperature for
the building and 8760 represents the time period over which
the CDD value is calculated (e.g., 24 hours*365 days=8760
hours).

For each building having a particular classification, the
building’s values 456 may be used with its stored values 454
(e.g., vector f and covariance matrix 3;) to determine the
intensity values for the building. In block 458, a normalized
annual consumption intensity value (I,,,.) may be deter-
mined for abuilding using the CDD and HDD values 456. For
example, the NAC values in vector Y may be divided by the
typical production values that result by driving the energy use
model with the TMY-derived values 456. Intensity values IP
for the model coefficients in vector f may be determined in
block 460 in a similar manner. The 1., and 1P values
obtained for each building form probability density functions.
All data obtained for a building via blocks 452, 458, and 460
then may be stored in the electronic memory, as shown in
block 462 (e.g., the memory may store the obtained data for
m-number of buildings having a particular classification).

In block 464, a Gaussian mixture model (GMM) may be
used to represent all I, . probability density functions for the
buildings in a particular classification as a single probability
density function. A GMM may also be used for each of the
model coefficient intensities (e.g., IP°, Ig1, Lo, etc.) to gener-
ate corresponding probability density functions to represent
the buildings in the class. For example, the 1., probability
density functions for data centers located in a cooling domi-
nate climate may be combined in block 464 to form a single
probability density function to represent the entire class.

FIG. 4D shows the GMM calculations of block 464 in more
detail. In block 466, the m-number of I, . probability density
functions for the buildings in a class may be combined into a
single I, probability density function using a GMM. First,
a mean of the individual probability density functions may be
calculated as follows:
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m
HeMM = Z Wili
i=1

where |, is the mean of the I, probability density function
for the ith building in the class and w, is equal to 1/m or the
ratio of building i’s area/total area, depending on the desired
weighting. A covariance matrix may also be determined as
follows:

m
Zomm = Z i (Zi + ] ] — prcaams pang
=)

where w, is equal to 1/m and 2, is the covariance matrix for the
B; coefficients for the ith building in the class (e.g., Zp,). The
resulting probability distribution function may then be deter-
mined such that the I, for the buildings in the class are
normally and independently distributed as follows:

INAC“NID(QTﬁGMM:aTE Gr)

where a is a vector of the independent variables (e.g., #days,
CDDyyy, HDD 4y, etc.) used to determine the normalized
annual consumption intensity values.

In block 468, each of probability density functions for the
model coefficients (e.g., the {3, values) for the buildings in a
class may be combined using GMMs to form combined prob-
ability density functions. Where a multivariate approach may
be used in block 466, a scalar approach may instead be used
in block 468 for each of the model coefficients. For example,
the probability density functions for the model coefficient 3,
may be determined by first calculating a mean of the 3, for
each of the buildings in the class as follows:

m
Hemm,po = WIZ Po

i=1

where f3, is the model coefficient for the ith building in the
class. A variance may also be determined as follows:

m
2 2 2 2
Tomm = Z wi(o o + Boi) — Hemm po
i1

where w; is equal to 1/m and 01.4302 is the variance of the {3,
coefficients for the ith building in the class. This results in a
distribution of I, values as follows:

m
Ig0 ~NID(wiZpo, Z Wi(U'%ﬁo + 55 - /"ZGMM,,BO
=)

where 2, is the covariance matrix of the model parameters.
Probability density functions may also be generated in a
similar way for the remaining model coefficients (e.g., B, ,,
etc.) across the class of buildings.

In block 470, the probability density functions from the
GMMs used in blocks 466, 468 may be stored in the elec-
tronic memory. Each set of probability density functions may
be associated with its corresponding group of buildings in
groups 446. For example, a probability density function may
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be determined for the 1, values of schools located in tem-
perate climates and stored in the memory.

FIG. 4E shows the stored probability density functions for
a classification being used to assess the performance of a
building. Block 472 illustrates the probability density func-
tions for the intensity values of the buildings in the class (e.g.,
the probability density functions determined in blocks 466,
468 and stored in memory in block 470). For example,
assume that one of the groups of buildings includes data
centers located in temperate climates. In such a case, prob-
ability density functions may exist from the GMMs for inten-
sity values Iy ,¢, Igo, Ip,, and I,. Using these functions, any
number of different comparisons may be made among build-
ings in the class. In one example shown in block 474, best or
worst in class buildings may be identified. In another example
shown in block 476, a building under study may be compared
to other buildings in its class.

Various techniques may be used to compare the buildings
having a particular classification. For example, assume that
one class of buildings includes buildings owned by the Cat-
fish Hut franchise. In some embodiments, univariate analysis
may be used to analyze the values in one of the probability
density functions (e.g., the function for I ¢, Ipo, Igys or L)
For example, confidence intervals, hypothesis testing, or the
GESD method may be used on the I, probability density
function to identify best or worst in class buildings. In other
embodiments, two or more of the building statistics can be
analyzed together using multivariate statistics (e.g., by deter-
mining a Mahalanobis distance, etc.).

In block 476, one or more of the probability density func-
tions for the buildings in a class may be used to analyze a
particular building under study. The building under study may
have already been modeled and used to determine the prob-
ability density function for the class, or may have been
recently modeled. For example, the energy consumption of
Children’s Hospital in Milwaukee, Wis. may be modeled and
its intensity values compared to one or more of the probability
density functions for the other buildings in its class. In some
embodiments, univariate statistical analysis may be used to
compare the building under study to one of the probability
density functions. For example, the I, , . values for Children’s
Hospital may be compared to the I, probability density
function for other hospitals located in a moderate climate. In
other embodiments, multivariate analysis may be used to
compare two or more intensity values for the building under
study to corresponding multivariate probability density func-
tions for the buildings in its class. For example, the joint I, ~
and Ig,, for the building under study may be compared with the
L4 and I, probability density functions for the buildings in
its class using multivariate analysis (e.g., by determining a
Mabhalanobis distance, etc.).

Multivariate Analysis of Building Statistics

In various embodiments, multiple statistics derived from a
building’s energy use model may be compared to those of
other buildings having the same classification. Similar to
univariate analysis of a building’s statistic, the comparison
between statistics for a building under study and other build-
ings in its class may be used to detect abnormal energy con-
sumption, identify potential candidates for ECMs, and set
realistic expectations by implementing ECMs in the building.
However, multivariate analysis allows different types of sta-
tistics to be analyzed at the same time. In other words, the
different types of statistics for a building may be treated as a
multivariate vector and compared to the vectors for the other
buildings having the same classification.

Referring now to FIG. 5, an illustration 500 of building
model parameters is shown, according to one embodiment. In
general, a number of different factors may affect the energy
use of a building. For example, the outdoor air temperature of
the building may affect the building’s energy use (e.g., to heat
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or cool the building to a set point temperature). The building’s
energy use profile when cooling the building may also differ
from the building’s energy use profile when heating the build-
ing. In some embodiments, the building’s energy use model
may include parameters relating to both heating and cooling
the building.

As shown in illustration 500, an x-y plot may be formed
with a building’s energy use (E) plotted along a first axis 502
and the outdoor air temperature (T ) plotted along a second
axis 504. In various embodiments, the building’s energy use
plotted along axis 502 may be an energy consumption (e.g.,
measured in kWh) or an energy cost associated with the
building’s energy consumption (e.g., by multiplying the con-
sumption by a cost per consumption value in $/kWh). Such
information may be obtained, for example, from billing data
for the building from the utility providing the energy to the
building. In one embodiment, the outdoor air temperature
may be measured for a building using sensors located at or
near the building over a particular time period.

A first parameter that may be used to model a building’s
energy use is its base energy load (E,) 506. In general, base
energy load 506 corresponds to the energy use of the building
at any given time that does not change with the outdoor air
temperature. For example, base energy load 506 may be a
function of the energy use of the building’s lighting, computer
systems, security systems, and other such electronic devices
in the building. Since the energy consumption of these
devices does not change as a function of the outdoor air
temperature, base energy load 506 may be used to represent
the portion of the building’s energy use that is not a function
of the outdoor air temperature.

In some embodiments, HDD and CDD values for a build-
ing may be calculated by integrating the difference between
the outdoor air temperature of the building and a given tem-
perature over a period of time. In one embodiment, the given
temperature may be cooling balance point 510 for the build-
ing (e.g., to determine a CDD value) or heating balance point
508 for the building (e.g., to determine an HDD value). For
example, assume that the cooling balance point for a building
is 67° F. In such a case, the CDD value for the building over
the course of a month may be calculated as follows:

month
CDD = f Max{0, (Tps — 67° F)}dt

In other embodiments, a set reference temperature may be
used to calculate a building’s CDD or HDD value instead of
the building’s actual balance point. For example, a reference
temperature of 65° F. may be used as a fixed value to compare
with the building’s outdoor air temperature. Thus, a CDD or
HDD value may generally represent the amount of heating or
cooling needed by the building over the time period.

A heating slope (S;) 512 may correspond to the change in
energy use or energy costs that result when the outdoor air
temperature drops below a heating balance point 508 (e.g., a
breakeven temperature). For example, assume that heating
balance point 508 for a building is 55° F. When the outdoor air
temperature is at or above 55° F., only an energy expenditure
equal to base load 506 may be needed to maintain the internal
temperature of the building. However, additional energy may
be needed, if the outdoor air temperature drops below 55° F.
(e.g., to provide mechanical heating to the interior of the
building). As the outdoor air temperature decreases, the
amount of energy needed to heat the building likewise
increases at a rate corresponding to heating slope 512.

Similar to heating balance point 508, a cooling balance
point (T, ) 510 may correspond to the outdoor air tempera-
ture at which additional energy beyond base energy load 506
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is needed (e.g., the energy needed to provided mechanical
cooling to the interior of the building). As the outdoor air
temperature rises beyond cooling balance point 510, the
amount of energy needed for cooling with also increase at a
rate corresponding to cooling slope (S.) 514.

One potential energy use model that takes into account the
various model parameters illustrated in illustration 500 is as
follows:

E=Py(#days)+p(CDD)+P,(HDD)+e

where E is the dependent variable representing the energy use
or cost plotted along axis 502 in illustration 500. §, may be a
base energy use, such as base energy load 506. §, may cor-
respond to cooling slope 514 that, when multiplied by the
CDD for a particular time, results in an energy use or cost
attributable to cooling the building. Similarly, 3, may corre-
spond to heating slope 512 that, when multiplied by the HDD
for a particular time, results in an energy use or cost attribut-
able to heating the building. The value of e may correspond to
the amount of error or noise in the model. In some embodi-
ments, the model may instead model the energy-related costs
for the building by multiplying the building’s energy use by a
conversion factor (e.g., by multiplying by a cost factor mea-
sured in $/kWh). In further embodiments, the model may be
normalized by dividing the model by the internal area of the
building. For example, the model may model the normalized
energy use (e.g., measured in KWh/ft*) or normalized energy
cost (e.g., measured in $/ft*).

According to various embodiments, the various parameters
used in a building’s energy use model may be represented as
a multidimensional vector. For example, one vector may be
defined as a five-dimensional vector as follows:

Ey
Sh
bn=|Sc |eR®

Ton

I

In some embodiments, a building’s vector of model param-
eters may be compared to those of other buildings having the
same classification. For example, outlier values may be
detected by using multivariate statistical analysis on the
respective vectors.

Referring now to FIGS. 6 A-6B, energy use model param-
eters plotted along their respective dimensions are shown,
according to various embodiments. In FIG. 6A, a single
dimensional plot 600 of buildings’ cooling balance points
(T, ) along an axis 602 is shown. In some embodiments, a
building’s cooling balance point may be compared to those of
other buildings having the same classification. For example, a
cooling balance point 604 may be compared to a set of cool-
ing balance points 606 for other buildings having the same
classification (e.g., based on the buildings’ climates, usage
types, etc.).

In FIG. 6B, a single dimensional plot 610 is shown of
buildings’ cooling slopes (S.) along an axis 612. Similar to
plot 600, a cooling slope 614 for a building under study may
be compared to cooling slopes 616 for other buildings having
the same classification. In some cases, cooling slopes 614,
616 in plot 610 may have corresponding cooling balance
points 604, 606 in plot 600. For example, cooling slope 614
and cooling balance point 604 may be energy use model
parameters for the same building under study.

10

15

20

25

30

35

40

45

50

55

60

65

26

According to some embodiments, outliers may be detected
among the energy use model parameters in plots 600, 610.
However, the values of the buildings’ parameters may be
distributed such that clear-cut outliers may be difficult to
detect via analysis in a single dimension (e.g., using univari-
ate analysis). For example, cooling balance point 604 for the
building under study may appear within the same cluster of
values as cooling balance points 606 for the buildings having
the same classification. Similarly, cooling slopes 614 for the
building under study may appear within the same cluster of
values as cooling slope 616 for the buildings having the same
classification. In these and other cases, multivariate analysis
may be used instead to detect outlier values among the build-
ings’ energy use parameters or other values that may be
derived from their energy use models.

Referring now to FIG. 7, a two-dimensional plot 700 of
building model parameters is shown, according to one
embodiment. In the example shown, plot 700 includes axis
602 from FIG. 6A and axis 612 shown in FIG. 6B, thereby
defining a two-dimensional plane. Energy use model param-
eters for a building may be represented as two-dimensional
sets of values of the form (S, T,.). For example, a building
under study may have a pair of values 704 that correspond to
cooling balance point 604 and cooling slope 614 in FIGS.
6A-6B. Buildings having the same classification as the build-
ing under study may also have pairs of values 702, corre-
sponding to cooling balance points 606 and cooling slopes
616 in FIGS. 6A-6B.

In some embodiments, multivariate analysis may be used
to detect outliers among the buildings’ energy use model
parameters or among other values derived from their energy
use models. Multivariate outliers may be more prominent
than univariate outliers, in some cases. For example, as shown
in FIGS. 6A-6B, the cooling balance point and cooling slope
parameters for the building under study may appear within
the cluster of values for the other buildings when analyzed in
a single dimension. However, when these parameters are
analyzed together, outliers may be more prominent that in a
unidimensional vector space.

As shown by plot 700, the pair of values 704 for the build-
ing under study appears more prominently as an outlier from
the pairs of values 702, than if each parameter is analyzed
separately. Thus, multivariate analysis alternatively may be
used to compare the building’s energy use model parameters
to those of one or more other buildings having the same
classification. In addition, a building’s parameters may be
interrelated. For example, a cooling slope may be defined as
follows:

where cc is a cooling coefficient function of ventilation and 1),
represents the building’s cooling efficiency. Similarly, a
building’s cooling balance point may be defined as follows:

Q.
Tpe = Ty — —

where T, is a temperature set point for the building, Q, is the
internal load of the building, and cc is the cooling coefficient
function of ventilation also used to define the building’s cool-
ing slope.



US 9,152,610 B2

27

For the building under study in plot 700, its pair of values
704 may be analyzed to determine that the building has an
abnormally high ventilation, leading to its higher than normal
cooling balance point. Similarly, the building’s increased
cooling slope may also be attributable to an abnormally high
ventilation. Thus, outlier parameters for a building’s energy
model may be analyzed to detect abnormal energy consump-
tion, in some embodiments.

Referring now to FIG. 8, a flow chart is shown of a process
800 for comparing values related to a building’s energy use
model to those of other buildings, according to one embodi-
ment. Process 800 may be implemented by one or more
computing devices, such as by a data acquisition and analysis
service, a building’s control system, or the like. In general,
process 800 may use multivariate analysis to compare energy
use model parameters or other data that may be derived from
the parameters.

Process 800 includes receiving data related to buildings’
energy use models (step 802). In some embodiments, the
buildings may belong to the same class of buildings, based on
their usage type, climate, or other factors. The data may be the
actual parameters used in the buildings’ energy use models.
Energy use model parameters may include, but are not limited
to, base energy load values, heating balance points, cooling
balance points, heating slopes, and cooling slopes. Other
values related to the energy use model parameters, but not
actually used in the models, may also be received and ana-
lyzed via process 800. For example, a building’s cooling
balance point may be related to the building’s temperature set
point and cooling load. One or both of these values may also
be compared among buildings, to detect outliers and perform
other such functions.

The energy use model for a building may model the actual
energy use of the building or a value associated with the
building’s energy use, such as an energy use cost. For
example, an energy use model may model a building’s energy
consumption or a cost associated with the building’s energy
consumption. A conversion factor may be used to convert
from one energy use metric to another. For example, an
energy use model that models a building’s energy consump-
tion may be converted into a model that models the building’s
energy costs by multiplying by a cost per consumption value
(e.g., a value measured in $/kWh). In some embodiments, the
data may also be normalized across the set of buildings by
dividing the parameters of the energy use models by their
buildings’ respective areas.

Process 800 includes determining the mean of the energy
use model parameters (step 804). In some embodiments, the
actual mean of the parameters may be used. In other embodi-
ments, a robust estimator of the mean may be used. For
example, the minimum covariance determinant method may
be used to determine a robust estimate of the mean and cova-
riance of a random sample of the received data. Such a
method may be used to determine a robust estimate of the
mean and covariance of the data, under the assumption that
the data conforms to a multivariate normal distribution.

In one embodiment, the minimum covariance determinant
method may be implemented as follows: first, randomly
choose p+1 data, where p is the dimension of the data. The
sample mean and covariance are then calculated as follows
using h number of data points:

T = %Zx;
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-continued

1 7
W = ﬁz o - Do = 1)

where T, is the calculated mean for sample set, X, is the ith
data point, and W, is the covariance. Next, the Mahalanobis
distance (d,) may be calculated for each data point (x,) as
follows:

d=(e=T) W, &= T)

where d, is the Mahalanobis distance for each data point using
the current values of T, and W,. Next, T, and W, can be
recalculated with the h number of data points having the
smallest d,. This may be repeated until the determinant of W,
remains constant (e.g., det(W,)=c, where c is a constant).
Once the determinant of W, remains constant with the current
set of h data points, these calculations may be repeated itera-
tively using randomly selected initial starting points to find
values of T, and W, having the smallest determinants. W, may
then be scaled for statistical consistency.

Process 800 includes determining the distance between
data points (step 806). The distance between data points from
different buildings may be measured, for example, using a
Mahalanobis distance or a Euclidean distance between the
data points. In some embodiments, a geometric centroid may
be determined using the data points for the buildings and the
distance calculated between each data point and the centroid.
In cases in which the Mahalanobis distance is used, the robust
estimates of the mean and covariance determined in step 804
may be used (i.e., the T, and W, having the smallest determi-
nant and scaled for consistency). In general, a Mahalanobis
distance can be thought of as a statistical distance away from
the typical building. If a robust estimate of the mean and
covariance is not used, the Mahalanobis distance for each
building may follow a Hotelling’s T-squared distribution.
Otherwise, h—p degrees of freedom may be used, instead of
n-p degrees of freedom, where n is the total number of data
points and h is the sample size used to calculate the robust
estimates of the mean and covariance. If h and n are close in
value, n-p may instead by used in some embodiments, since
the difference will not significantly affect the resulting distri-
bution.

Process 800 includes generating a report using the calcu-
lated distances for the buildings’ data points (step 808). A
generated report may include a graph, table, or other indica-
tion of the calculated distance between one of the buildings
and those of the other buildings. For example, a calculated
distance for a building under study may be included in the
generated report. A report may also include a plot of the
distances, in one embodiment. For example, a plot of the
distances calculated for each building may be included in a
generated report. A report may include any number of bivari-
ate plots in which two of a building’s energy use model
parameters or other variables are treated as data points in two
dimensions, such as in FIG. 7. Where more than two values
for a building are compared to those of other buildings, a
report may include a maximum of n choose 2 number of plots,
where n is the number of data values being analyzed for a
building. For example, a first bivariate plot may plot cooling
slopes vs. heating balance points and a second bivariate plot
may plot heating balance points vs. base energy loads.

Referring now to FIG. 9, an illustration is shown of an
example report 900 comparing a building’s energy use model
parameters to those of other buildings, according to one
embodiment. As shown, report 900 includes a probability
distribution function 902 of Mahalanobis distances for a
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building under study and a set of other buildings having the
same classification. In general, the Mahalanobis distance for
a building represents the distance between the building’s data
points and the typical building in the set. Probability distri-
bution function 902 may follow a Hotelling’s T-squared dis-
tribution 904 having an ellipsoidal envelope. Report 900 may
also include indicia 906 regarding the Mahalanobis distance
for a building under study as it relates to probability distribu-
tion function 902. In general, the greater the Mahalanobis
distance for a building, the further the building’s data varies
from that of the typical building in its class. For example,
indicia 906 may be inspected to determine that the building
under study is a good candidate for ECMs or is experiencing
an equipment fault.

In some embodiments, generated report 900 may include
information regarding an outlier building detected by com-
paring the distance between a building’s data point and those
of other buildings. A building having a distance greater than a
critical value may then be identified as being an outlier. For
example, a critical value may correspond to a Mahalanobis
distance of greater than a value V. In some embodiments,
multiple hypothesis tests may be used to correct the distribu-
tion of distances. For example, multiple hypothesis tests may
be used to detect outliers that are good candidates for ECMs
or to limit false alarms during fault detection.

Referring now to FIG. 10, a flow chart of a process 1000 for
identifying an outlier data point is shown, according to one
embodiment. Process 1000 may be implemented by one or
more computing devices, such as a data acquisition and
analysis service. In general, an outlier may be detected by
comparing the data points for a building under study to those
of other buildings in its class. For example, parameters for a
building’s energy use model may be compared to determine
their statistical distances. These distances may then be com-
pared to a critical value (e.g., a threshold value). Based on the
comparison, a building having a distance greater than the
critical value may be identified as being an outlier. Process
1000 may be used to detect outliers using univariate statistical
analysis or multivariate statistical analysis, according to vari-
ous embodiments.

Process 1000 includes receiving data set distances (step
1002). In one embodiment, the data set distances may be
received at a processing circuit (e.g., from another computing
device or from a local software module being executed by the
processing circuit). In general, the distances correspond to the
statistical or geometric distances between the data values for
the buildings being analyzed (e.g., a building under study and
one or more other buildings in its class). For example, the data
set distances may be Mahalanobis distances calculated for the
buildings being compared. In other examples, other distances
may be received, such as geometric distances to a centroid or
distances determined via hierarchical clustering. According
to one embodiment, the distances generated in process 800
may be received and analyzed in process 1000.

Process 1000 includes comparing one or more of the
received distances to a critical value (step 1004). Generally, a
critical value refers to a threshold value that functions as the
dividing line between outlier buildings and those within the
cluster of normal buildings. In some embodiments, if the
distances follow a distribution with curves of equal value of
the probability distribution function that form hyperellip-
soids, such as Hotelling’s T-squared distribution, a critical
value may be determined using an inverse T-squared distri-
bution or F-distribution (e.g., a scaled T-squared distribution).

Process 1000 includes detecting an outlier (step 1006).
Based on the comparison between the distance for a building
and the critical value used, the building may be identified as
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being an outlier among the buildings being analyzed. For
example, if the statistical distance between the data set for a
building under study and the average building in its class is
greater than the critical value, the building may be considered
an outlier.

Process 1000 includes providing an indication of the
detected outlier (step 1008). In some embodiments, the indi-
cation may be part of a generated report and provided to an
electronic display. For example, a plot of distances between
data sets for different buildings may include an indication of
which buildings are statistical outliers. In some cases, one or
more bivariate scatter plots may be included in a generated
report for the detected outlier. For example, if the building’s
energy use model includes five variables, two of those vari-
ables may be plotted as part of a generated report.

A generated report may include financial information
regarding the outlier, such as an energy use cost of the build-
ing. For example, a generated report may include information
regarding monetary expenditures associated with the build-
ing’s energy consumption. A building’s energy use cost may
also be relative to the other buildings in its class. For example,
the data set distance for the building used in step 1004 may
correspond to an additional expenditure over that of the other
buildings in the set. In such a case, the additional expenditure
may also be included in a generated report (e.g., to quantify
the additional financial cost caused by the building being an
outlier among its class).

In further embodiments, the indication may be provided to
another software module or other computing device, for fur-
ther analysis. For example, an indication of a detected outlier
may be provided to another electronic device so that a tech-
nician may diagnose why the building is an outlier among its
class. In another example, an indication of the detected outlier
may be provided to a fault detection module configured to
diagnose why the building is an outlier. The module may, for
example, analyze any outlier variables for the building and
suggest potential causes for the outlier variables. For
example, such a fault detection module may suggest an abnor-
mally high ventilation as a potential cause of the building
having an outlier cooling balance point.

Proxying an Energy Use Model Parameter

In general, lean energy analysis attempts to model a build-
ing’s energy use using readily available data. For example, a
building’s energy use may be modeled using readily available
data such as billing data from the utility that supplies energy
to the building. Using readily available data for lean energy
analysis or for measurement and verification may facilitate
the analysis of a building’s energy use without conducting an
expensive energy audit, or installing additional instrumenta-
tion onsite. However, many factors affecting a building’s
energy use may not be readily available. According to various
embodiments, readily available data may be used as a proxy
for such a factor within the building’s energy use model.

One factor that may affect a building’s energy use and may
not be readily available is the building’s occupancy. In some
cases, occupancy data may be available via the building’s
security systems. For example, a building may have an
installed security system that controls access by requiring
those entering or exiting the building to enter a pass code or
swipe a security badge. In other cases, however, some or all of
the building may be unsecured, allowing the public to enter
and exit at will.

In various embodiments, a building’s water consumption
may be used as a proxy for the building’s occupancy. In
keeping with the principles of lean energy analysis (e.g.,
modeling a building’s energy consumption using as much
readily-available data as possible), data regarding a build-
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ing’s water consumption may be used as a proxy for the
building’s occupancy, which may be more difficult or expen-
sive to determine. For example, the building’s water con-
sumption may be available as part of the billing data from the
utility that supplies water to the building. Similar to weather-
related data for the building, the water consumption may be
used as an additional factor within the building’s energy use
model (e.g., as a proxy for the building’s occupancy). When
using water as a proxy for occupancy, the water use attribut-
able to the other energy use model parameters may be
ignored. For example, a building may consume a portion of
water to help cool the building and another portion due to the
building’s occupancy. In such a case, the portion of water use
to cool the building may be ignored in the building’s energy
use model. While water and occupancy are primarily dis-
cussed herein to illustrate the use of one form of building data
as a proxy for another, any number of other building model
parameters may also be proxied using other forms of building
data in a similar manner.

Referring now to FIG. 11, a flow chart of a process 1100 for
using a building’s water use as a proxy for the building’s
occupancy in an energy use model is shown, according to an
exemplary embodiment. In general, data regarding a build-
ing’s water consumption may be more readily available than
the building’s occupancy, allowing the energy use model to
be generated in accordance with the principles of lean energy
analysis. In other embodiments, the building’s water use and
occupancy may be replaced in process 1100 with another type
of building data and model parameter, to proxy another
energy use model parameter. Process 1100 may be imple-
mented by one or more computing devices, such as by a data
acquisition and analysis service, by a building’s control sys-
tem, etc. Process 1100 may also be implemented alone or in
conjunction with either of processes 300 or 800.

Process 1100 includes receiving water consumption data
(step 1102). The water consumption data may be received
from any number of sources. For example, the water con-
sumption data may be received from the utility that supplies
water to the building. In another example, the water consump-
tion data may be received from a database or other memory
storage mechanism. The water consumption data may also be
from any period of time. For example, the water consumption
data may include the building’s water consumption in the past
week, month, year, or over multiple years.

Process 1100 includes determining the portion of the build-
ing’s water consumption attributable to the building’s occu-
pancy (step 1104). In general, a building’s total water con-
sumption may include a portion attributable to its occupancy
and a portion attributable to its various building systems. For
example, abuilding’s HVAC system may include one or more
cooling towers used to dissipate heat removed from the build-
ing’s chiller. Such a cooling tower may use water, regardless
of the building’s current occupancy. In another example, a
portion of a building’s water consumption may be attributable
to lawn sprinklers located outside of the building.

In one embodiment, the portion of a building’s water con-
sumption not attributable to its occupancy may be quantified.
For example, sensor data from the building’s chiller, sprinkler
system, etc., may be used to quantify the portion of water
consumption that is not attributable to the building’s occu-
pancy. The resulting consumption may then be subtracted
from the building’s total consumption, to determine the por-
tion of the water consumption attributable to the building’s
occupancy. In other embodiments, the portion of the build-
ing’s water consumption not attributable to its occupancy
may be estimated. For example, water consumption by a
building’s cooling tower may be estimated using data regard-
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ing the operation of the building’s HVAC system (e.g.,
whether the HVAC system is in a cooling mode, etc.).

In a further embodiment, only water consumption that is
orthogonal to other parameters used in the building’s energy
use model may be used as a proxy for the building’s occu-
pancy. Since a portion of the building’s water consumption
may be correlated to the other parameters used in the energy
use model (e.g., an HVAC-related parameter), only the por-
tion that is uncorrelated to the other model parameters may be
used in the model. Applying this method of orthogonalization
to the water consumption allows water to be used to reduce
model inaccuracies caused by variable occupancy without
affecting other model parameters (e.g., f-pp)- This is impor-
tant for the benchmarking portion of lean energy analysis as
buildings for which water is available can still be compared to
buildings for which water is not available.

Process 1100 also includes using the water consumption in
the building’s energy use model (step 1106). In various
embodiments, the building’s energy use may be modeled as
follows:

E=Po(#days)+p (CDD)+ . . . +P,(PD)+e

where E is the dependent variable representing the energy use
(e.g., measured in kilowatt-hours), CDD is a cooling degree
day parameter, f§, is a parameter vector, PD is a person day
value representing the building’s occupancy, and € is an error
factor (e.g., a noise factor). In general, the PD value in the
energy use model may represent the total number of people
present in the building over a course of time. For example, if
the building is occupied for 250 days out of the year by three
people, its person-days value is 750 for the year. In one
embodiment, the PD value may be obtained by multiplying
the building’s water consumption attributable to its occu-
pancy by an average water consumption per person value. For
example, if it is known that the average occupant consumes 3
gallons of water while in the building and that 30 gallons of
water attributable to the building’s occupants were used in a
given day, it can be estimated that the building had ten occu-
pants on that day (e.g., by dividing the consumption by the
consumption per occupant value). The energy use model may
then be solved using regression or a similar technique, to
determine the building’s energy use (E) and f3, values.

In a further embodiment, the term in the model propor-
tional to the number of person days is replaced by its proxy
directly in the energy use model. In this embodiment the
proxy is determined by the portion of the water use uncorre-
lated to the other independent variables in the model, R,,. In
this case the energy use model is given by:

E=B(#days)+p,(CDD)+ .. . +B,(R,, )+€

Referring now to FIG. 12, a detailed block diagram is
shown of processing circuit 200 of FIG. 2 configured to model
a building’s energy use using its water consumption, accord-
ing to various embodiments. As shown, building data 206
may include various forms of data that may be used to model
a building’s energy use. Building data 206 may be received
from one or more sources via interface 220. For example,
some of building data 206 may be received from another
computing device via a network. Some of building data 206
may also be received via interface 220 from a user interface
device, such as a touch-screen display or keyboard.

Building data 206 may include water consumption data
1202. Water consumption data 1202 generally indicates the
amount of water consumed by a particular building. Water
consumption data 1202 may include data from any time
period or set of time periods. For example, water consump-
tion data 1202 may include a history of water consumptions
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over the previous week, month, year, or the lifetime of the
building. Water consumption data 1202 may also include
billing data from the utility that provides water to the build-
ing. Such billing data may be received, for example, from the
utility itself or from the building’s water meter. In some
embodiments, water consumption data 1202 may include
data regarding the water consumption by certain equipment in
the building. For example, water consumption data 1202 may
also include data regarding how much water is consumed by
the building’s HVAC system.

Building data 206 may include energy billing data 1204.
Similar to water consumption data 1202, energy billing data
1204 may include data received from the utility that provides
electricity to the building, a utility meter that measures the
building’s energy use, entered via a user interface device, or
from another source. In general, energy billing data 1204 may
include data regarding a building’s energy consumption,
energy demand, billing rates, total energy costs, etc. Energy
billing data 1204 may include data from any time period.

Building data 206 may include building area data 1206
indicative of the building’s internal area. In one embodiment,
building area data 1206 may be used to normalize energy use
parameters across the buildings in a class. For example, a
building’s energy use may be normalized by dividing its total
energy use by its square footage in building area data 1206.

Building data 206 may also include weather data 1208.
Weather data 1208 may include actual weather data measured
at a building. For example, weather data 1208 may include
recorded outdoor air temperatures, outdoor humilities, etc.,
measured at a building. Weather data 1208 may also include
historical data for a particular location. For example, weather
data 1208 may include TMY data.

Building data 206 may include class data 1210. Class data
1210 includes data regarding a particular building that may be
used to classify the building and select similar buildings for
comparison. For example, class data 1210 may include data
regarding a building’s usage type (e.g., whether the building
is a school, data center, etc.). Class data 1210 may also
include data regarding a building’s location (e.g., the build-
ing’s address, geographic coordinates, city, region, etc.).
Location information may be used by processing circuit 200,
for example, to retrieve weather data for the building’s loca-
tion from weather data 1208. For example, if the building is
located in New York City, TMY2 data for New York City may
be retrieved from weather data 1208. Class data 1210 may
further be used by building classifier 208 to classify a building
under study and to identify one or more other buildings in its
class.

Building data 206 may further include other building data
1212. Other building data 1212 may include, for example,
data from a building’s HVAC system (e.g., a temperature set
point, an outdoor airflow measurement, etc.), security system
(e.g., camera data, security checkpoint data, etc.), data net-
working component, or other equipment installed in the
building. Other building data 1212 may be used by building
energy modeler 210 to model a building’s energy use. Other
building data 1212 may also be used by building classifier 208
to determine a building’s class, by outlier detector 218 to
determine an abnormal condition, or by report generator 216
to provide information regarding the building to an electronic
display.

Building energy modeler 210 may include model builder
1220 configured to generate an energy use model for a build-
ing using model variables 1218. In one embodiment, model
builder 1220 may generate a linear regression model using
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model variables 1218. In other embodiments, model builder
1220 may generate a non-linear energy use model using
mode] variables 1218.

Model variables 1218 may include any of the data stored in
building data 206. For example, model variables 1218 may
include CDD or HDD data from weather data 1208 and
energy use data from energy billing data 1204. In one embodi-
ment, model builder 1220 may normalize model variables
1218. For example, an energy use value in model variables
1218 may be divided by a building’s area from building area
data 1206 to normalize the building’s consumption (e.g.,
model variables 1218 may include a consumption per square
foot value for the building).

In addition to data from building data 206, model variables
1218 may also include an occupancy estimate 1216 generated
by occupancy estimator 1214 in building energy modeler 210.
Occupancy estimate 1216 may be any occupancy-related
value, such as a person-day (PD) value or an actual head count
of persons that have occupied the building over a given time
period. In one embodiment, occupancy estimator 1214 may
receive actual data regarding the building’s occupancy stored
in other building data 1212. For example, occupancy estimate
1216 may be based in part on data from a building’s security
system (e.g., the number of people that swiped security
badges, the number of people that that crossed security check-
points, etc.). In some cases, an actual head count of a build-
ing’s occupants may not be available or easily obtained.
According to some embodiments, occupancy estimator 1214
may use water consumption data 1202 to generate occupancy
estimate 1216, in addition to, or in lieu of, actual occupancy
data.

Occupancy estimate 1216 generated by occupancy estima-
tor 1214 may be based only on the portion of the building’s
water consumption that is attributable to the building’s occu-
pancy. In one embodiment, only water consumption data that
is orthogonal to the rest of model variables 1218 may be used
by model builder 1220. For example, assume that model
builder models a building’s energy use as follows:

E=Po(#days)+p (CDD)+e

where E is the dependent variable representing the building’s
energy use from energy billing data 1204, CDD is a cooling
degree day parameter from weather data 1208, {, is a param-
eter vector, € is an error factor. However, it is known that
energy use is also occupancy driven. To increase the accuracy
of the model one could use person days as an independent
variable. Person days may not be readily available. In keeping
with the principles of lean energy analysis water bill data is
instead used as a proxy for person days. Since water con-
sumption is also related to degree days, only the portion of the
building’s water consumption that is not related to the other
model variables 1218 (i.e., the portion of water use orthogo-
nal to the other independent variables) (R,,) may be used to
generate occupancy estimate 1216. In this case, the model
becomes:

E=Po(#days)+p,(CDDH+P,(R,, )+e

Using only the portion of the building’s water consumption
that is related to guarantees that the model parameters (8’s)
for other building data will not be affected by the inclusion of
the additional building data. Unchanged model parameters
are necessary for benchmarking the data.

Similar to model builder 1220, occupancy estimator 1214
may generate a water use model for a building. For example,
occupancy estimator 1214 may model the building’s water
consumption using OLSR, WLSR, etc., using the following:

w= ﬁwyo(#days)ﬂiwy 1(CDD)+e
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where W is the building’s water consumption from water
consumption data 1202, CDD is a cooling degree day param-
eter from weather data 1208, 3, is a parameter vector, and € is
an error factor. This formulation allows the one to estimate the
portion of the water consumption that is dependent on the
weather. In general, it is necessary to determine the portion of
the proxy variable that is dependent on all other variables
already included in the energy use model. If the energy use
model contained additional parameters for heating degree
days and the number of weekends in the period, these would
also have to be included in the model for the water consump-
tion.

In one embodiment, occupancy estimator 1214 may deter-
mine a residual of the water consumption model by perform-
ing regression on the water consumption model and solving
for the following:

R, =W- ﬁwyo(#days)— [5,% 1(CDD)

where W is the building’s water consumption from water
consumption data 1202, CDD is a cooling degree day param-
eter from weather data 1208, f3, is a parameter vector, and R,
is the water consumption residual. Occupancy estimator 1214
then may output the water consumption residual (R,) as
occupancy estimate 1216. In response, model builder 1220
may use the residual in its generated energy use model energy
use as follows:

E=Po(#days)+p (CDD)+P,(R,,)+€

and provide the generated model to model analyzer 1222.

Model analyzer 1222 may be configured to solve an energy
use model generated by model builder 1220 and generate
building statistics 212. For example, model analyzer 1222
may determine a normalized annual consumption intensity
(In.c) value and a 3 intensity (Ip,) value obtained from the
model by estimating the f§, values. Therefore, in some
embodiments, building statistics 212 may include a ;- value
(e.g., the B, value for R,,) and/or a corresponding intensity
value (Ig,,)-

The process of finding the portion of a dependent variable
that is orthogonal to all other dependent variables is useful not
only when one variable is being used as a proxy for another,
but also anytime an independent variable is added to the
model. The process guarantees that the previous model
parameters do not change and therefore a model with the
additional independent variables can be compared to a model
(from another building) without for which the additional
independent variable was not available.

Any of building statistics 212 relating to occupancy esti-
mate 1216 may be used by statistics analyzer 214, outlier
detector 218, or report generator 216. For example, the value
may be compared by statistics analyzer 214 to that of other
buildings in the same class. Similarly, the value may be used
by outlier detector 218 to determine whether the building is an
outlier among its class. In various embodiments, the occu-
pancy-related value in building statistics 212 may be used by
statistics analyzer 214 and outlier detector 218 as part of a
univariate or multivariate analysis. For example, statistics
analyzer 214 may compare only the occupancy-related inten-
sity values (I5,,) among the buildings in a class of buildings
identified by building classifier 208. In another example, out-
lier detector 218 may use the occupancy-related values with
other building statistics 212 (e.g., cooling slope values, cool-
ing balance point values, etc.). Report generator 216 may also
report on the occupancy-related value in a similar manner to
any of the other values in building statistics 212. For example,
report generator 216 may generate a bivariate scatter plot
using a building’s occupancy-related values.
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Referring now to FIG. 13, aflow chart is shown ofa process
1300 for determining a building’s water use attributable to
occupancy, according to one embodiment. Process 1300 by
implemented either alone or in conjunction with any of pro-
cesses 300, 800, or 1100. Process 1300 may also be imple-
mented by a processing circuit, such as a processing circuit of
a data acquisition and analysis service, a building’s control
system, etc.

Process 1300 includes receiving water use data for a build-
ing (step 1302). The received water use data may include, but
is not limited to, an actual water consumption, an estimated
water consumption, a projected water consumption, or a
financial expenditure for water. The water use data may be
from a particular time period (e.g., the previous week, the
month of March, a given year, etc.) or, in some cases, for the
lifetime of the building. In some embodiments, the water use
data may include data regarding the total water use by the
building and some or all of its equipment. For example, the
received water use data may include data regarding the water
consumption by the building’s HVAC system. The water use
data may be received from a user interface device, such as a
keyboard (e.g., entered by a user). The water use data may be
received from a user interface device, such as a keyboard
(e.g., entered by a user). In other cases, the water use data may
be received from a computing via a network or from a local
data storage device.

Process 1300 includes receiving other energy use model
data (step 1304). Other energy use model data may include
any data that affects the building’s energy use. Exemplary
energy use model data include, but are not limited to, weather
data (e.g., CDD data, HDD data, etc.), heating or cooling data
for the building (e.g., cooling balance point data, heating
balance point data, etc.), and energy use or billing data (e.g.,
an actual energy consumption, a cost associated with the
building’s energy consumption, etc.). In other words, the
other energy use model data may be used as inputs to the
building’s energy use model. Alternatively, data may be
received to derive some or all of the energy use data. For
example, data regarding the building’s cooling load and cool-
ing coefficient of ventilation may alternatively be received
and used to calculate the building’s cooling balance point.

Process 1300 includes generating a water use model (step
1306). In one embodiment, the water use model may be a
regression model. Such a regression model may include both
the received water use data and the other energy use model
data. In other words, parameters used to model the building’s
energy use may also be used to model the building’s water
use. For example, one possible water use model is as follows:

w= ﬁwyo(#days)ﬂiwy 1(CDD)+e,

where W is the building’s water consumption from water
consumption data 1202, CDD is a cooling degree day param-
eter from weather data 1208, {3, is a parameter vector, and €,
is an error factor. Any parameter used in the building’s energy
use model may be used in the water use model, such as a
heating degree day parameter.

Process 1300 includes determining the building’s water
use that is orthogonal to the other energy use model param-
eters (step 1308). In other words, the amount of the building’s
water use that is not correlated to the other energy use model
parameters may be determined. Such a water use may be
assumed to be attributable to the building’s occupancy (e.g.,
the amount of water used by occupants of the building). Inone
embodiment, the orthogonal water use may be determined by
calculating a residual of the water use model. For example,
the orthogonal water use may be determined as follows:

R, =W- ﬁwyo(#days)— [5,% 1(CDD)



US 9,152,610 B2

37

where W is the building’s water consumption from water
consumption data 1202, CDD is a cooling degree day param-
eter from weather data 1208, f3, is a parameter vector, and R,
is the water consumption residual.

Process 1300 optionally includes testing for variability in
the building’s occupancy-related water consumption (step
1310). In one embodiment, the variability in the building’s
occupancy-related water consumption may be determined by
comparing the building’s monthly water consumption attrib-
utable to its occupancy (i.e., the monthly water consumption
orthogonal to the other building data). If the variability is low,
the water consumption may not be used as an input to the
building’s energy use model. However, if the variability is
high, the water consumption may be used to proxy the build-
ing’s occupancy in the energy use model. In a further embodi-
ment, the value in adding the occupancy-related water con-
sumption can be determined using techniques such as
stepwise regression.

Process 1300 includes using the orthogonal water use in the
building’s energy use model (step 1312). In one embodiment,
the calculated orthogonal water use may be used directly in
the building’s energy use model. For example, the residual
calculated in step 1308 may be used as a proxy in the energy
use model for the building’s occupancy. In other embodi-
ments, the calculated orthogonal water use may be used indi-
rectly in the building’s energy use model. For example, one or
more mathematical transformations may be performed on the
residual and the result used in the energy use model. Exem-
plary transformations include operations to convert the
residual into a related metric (e.g., converting a water use per
person value into a person-day value, converting a water
consumption into a water consumption cost, etc.).

Configuration of Various Exemplary Embodiments

Embodiments of the subject matter and the operations
described in this specification can be implemented in digital
electronic circuitry, or in computer software embodied on a
tangible medium, firmware, or hardware, including the struc-
tures disclosed in this specification and their structural
equivalents, or in combinations of one or more of them.
Embodiments of the subject matter described in this specifi-
cation can be implemented as one or more computer pro-
grams, i.e., one or more modules of computer program
instructions, encoded on one or more computer storage
medium for execution by, or to control the operation of, data
processing apparatus. Alternatively or in addition, the pro-
gram instructions can be encoded on an artificially-generated
propagated signal, e.g., a machine-generated electrical, opti-
cal, or electromagnetic signal, that is generated to encode
information for transmission to suitable receiver apparatus
for execution by a data processing apparatus. A computer
storage medium can be, or be included in, a computer-read-
able storage device, a computer-readable storage substrate, a
random or serial access memory array or device, or a combi-
nation of one or more of them. Moreover, while a computer
storage medium is not a propagated signal, a computer stor-
age medium can be a source or destination of computer pro-
gram instructions encoded in an artificially-generated propa-
gated signal. The computer storage medium can also be, or be
included in, one or more separate components or media (e.g.,
multiple CDs, disks, or other storage devices). Accordingly,
the computer storage medium may be tangible and non-tran-
sitory.

The operations described in this specification can be imple-
mented as operations performed by a data processing appa-
ratus on data stored on one or more computer-readable stor-
age devices or received from other sources.
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The term “client or “server” include all kinds of apparatus,
devices, and machines for processing data, including by way
of'example a programmable processor, a computer, a system
on a chip, or multiple ones, or combinations, of the foregoing.
The apparatus can include special purpose logic circuitry,
e.g., an FPGA (field programmable gate array) or an ASIC
(application-specific integrated circuit). The apparatus can
also include, in addition to hardware, code that creates an
execution environment for the computer program in question,
e.g., code that constitutes processor firmware, a protocol
stack, a database management system, an operating system, a
cross-platform runtime environment, a virtual machine, or a
combination of one or more of them. The apparatus and
execution environment can realize various different comput-
ing model infrastructures, such as web services, distributed
computing and grid computing infrastructures.

A computer program (also known as a program, software,
software application, script, or code) can be written in any
form of programming language, including compiled or inter-
preted languages, declarative or procedural languages, and it
can be deployed in any form, including as a stand-alone
program or as a module, component, subroutine, object, or
other unit suitable for use in a computing environment. A
computer program may, but need not, correspond to a filein a
file system. A program can be stored in a portion of a file that
holds other programs or data (e.g., one or more scripts stored
in a markup language document), in a single file dedicated to
the program in question, or in multiple coordinated files (e.g.,
files that store one or more modules, sub-programs, or por-
tions of code). A computer program can be deployed to be
executed on one computer or on multiple computers that are
located at one site or distributed across multiple sites and
interconnected by a communication network.

The processes and logic flows described in this specifica-
tion can be performed by one or more programmable proces-
sors executing one or more computer programs to perform
actions by operating on input data and generating output. The
processes and logic flows can also be performed by, and
apparatus can also be implemented as, special purpose logic
circuitry, e.g., an FPGA (field programmable gate array) or an
ASIC (application specific integrated circuit).

Processors suitable for the execution of a computer pro-
gram include, by way of example, both general and special
purpose microprocessors, and any one or more processors of
any kind of digital computer. Generally, a processor will
receive instructions and data from a read-only memory or a
random access memory or both. The essential elements of a
computer are a processor for performing actions in accor-
dance with instructions and one or more memory devices for
storing instructions and data. Generally, a computer will also
include, or be operatively coupled to receive data from or
transfer data to, or both, one or more mass storage devices for
storing data, e.g., magnetic, magneto-optical disks, or optical
disks. However, a computer need not have such devices.
Moreover, a computer can be embedded in another device,
e.g., amobile telephone, a personal digital assistant (PDA), a
mobile audio or video player, a game console, a Global Posi-
tioning System (GPS) receiver, or a portable storage device
(e.g., auniversal serial bus (USB) flash drive), to name just a
few. Devices suitable for storing computer program instruc-
tions and data include all forms of non-volatile memory,
media and memory devices, including by way of example
semiconductor memory devices, e.g., EPROM, EEPROM,
and flash memory devices; magnetic disks, e.g., internal hard
disks or removable disks; magneto-optical disks; and CD-
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ROM and DVD-ROM disks. The processor and the memory
can be supplemented by, or incorporated in, special purpose
logic circuitry.

To provide for interaction with a user, embodiments of the
subject matter described in this specification can be imple-
mented on a computer having a display device, e.g., a CRT
(cathode ray tube), LCD (liquid crystal display), OLED (or-
ganic light emitting diode), TFT (thin-film transistor),
plasma, other flexible configuration, or any other monitor for
displaying information to the user and a keyboard, a pointing
device, e.g., a mouse, trackball, etc., or a touch screen, touch
pad, etc., by which the user can provide input to the computer.
Other kinds of devices can be used to provide for interaction
with a user as well; for example, feedback provided to the user
can be any form of sensory feedback, e.g., visual feedback,
auditory feedback, or tactile feedback; and input from the
user can be received in any form, including acoustic, speech,
or tactile input. In addition, a computer can interact with a
user by sending documents to and receiving documents from
a device that is used by the user; for example, by sending web
pages to a web browser on a user’s client device in response
to requests received from the web browser.

Embodiments of the subject matter described in this speci-
fication can be implemented in a computing system that
includes a back-end component, e.g., as a data server, or that
includes a middleware component, e.g., an application server,
or that includes a front-end component, e.g., a client com-
puter having a graphical user interface or a Web browser
through which a user can interact with an embodiment of the
subject matter described in this specification, or any combi-
nation of one or more such back-end, middleware, or front-
end components. The components of the system can be inter-
connected by any form or medium of digital data
communication, e.g., a communication network. Examples
of communication networks include a local area network
(“LAN”) and a wide area network (“WAN), an inter-network
(e.g., the Internet), and peer-to-peer networks (e.g., ad hoc
peer-to-peer networks).

While this specification contains many specific embodi-
ment details, these should not be construed as limitations on
the scope of any inventions or of what may be claimed, but
rather as descriptions of features specific to particular
embodiments of particular inventions. Certain features that
are described in this specification in the context of separate
embodiments can also be implemented in combination in a
single embodiment. Conversely, various features that are
described in the context of a single embodiment can also be
implemented in multiple embodiments separately or in any
suitable subcombination. Moreover, although features may
be described above as acting in certain combinations and even
initially claimed as such, one or more features from a claimed
combination can in some cases be excised from the combi-
nation, and the claimed combination may be directed to a
subcombination or variation of a subcombination.

Similarly, while operations are depicted in the drawings in
a particular order, this should not be understood as requiring
that such operations be performed in the particular order
shown or in sequential order, or that all illustrated operations
be performed, to achieve desirable results. In certain circum-
stances, multitasking and parallel processing may be advan-
tageous. Moreover, the separation of various system compo-
nents in the embodiments described above should not be
understood as requiring such separation in all embodiments,
and it should be understood that the described program com-
ponents and systems can generally be integrated together in a
single software product embodied on a tangible medium or
packaged into multiple such software products.
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Thus, particular embodiments of the subject matter have
been described. Other embodiments are within the scope of
the following claims. In some cases, the actions recited in the
claims can be performed in a different order and still achieve
desirable results. In addition, the processes depicted in the
accompanying figures do not necessarily require the particu-
lar order shown, or sequential order, to achieve desirable
results. In certain embodiments, multitasking and parallel
processing may be advantageous.
What is claimed is:
1. A method for generating an energy use model of a
building comprising:
receiving, at a processing circuit, building data indicative
of a first type of building variable, the processing circuit
comprising a processor, memory, and an interface;

receiving, at the processing circuit, additional building data
correlated to an energy use of the building;

generating, by the processing circuit, a building variable

model that estimates the building variable as a function
of the additional building data, the building variable
comprising a correlated portion that is correlated with
the additional building data and an uncorrelated portion
that is uncorrelated with the additional building data;
determining, by the processing circuit, the portion of the
building variable that is uncorrelated with the additional
building data by calculating a residual of the building
variable model, the residual representing a non-random
variable that is correlated with the building variable and
uncorrelated with the additional building data; and
using the additional building data and the uncorrelated
portion of the building variable to generate the energy
use model of the building, wherein the energy use model
estimates the energy use of the building as a function of
the additional building data and at least one of the
residual and the variable represented by the residual.

2. The method of claim 1, wherein the first type of building
variable comprises water consumption by the building.

3. The method of claim 2, wherein the portion of the water
consumption uncorrelated to the additional building data is
used as a proxy for occupancy of the building, wherein the
occupancy of the building is the variable.

4. The method of claim 1, wherein the energy use model
comprises a regression model.

5. The method of claim 1, further comprising:

determining a classification of the building;

selecting, by the processing circuit, one or more other

buildings having the classification; and

comparing a parameter of the energy use model of the

building to energy use model parameters of the one or
more other buildings, wherein the parameter relates to
the uncorrelated portion of the building variable.

6. The method of claim 5, further comprising:

determining the building to be an outlier among the one or

more other buildings based in part on the parameter.

7. The method of claim 5, wherein the classification is
determined based on at least one of’ alocation of the building
or a usage type of the building.

8. The method of claim 3, wherein the uncorrelated amount
of consumed water is determined by calculating a portion of
the amount of consumed water that is orthogonal to the addi-
tional building data.

9. The method of claim 3, further comprising:

generating a water use model using the water use data and

the additional building data; and

determining, by the processing circuit, a residual of the

water use model, wherein the residual comprises the
uncorrelated amount of consumed water.
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10. A system for generating an energy use model of a
building, the system comprising a processing circuit compris-
ing a processor, memory, and an interface, wherein the pro-
cessing circuit:

receives building data indicative of a first type of building

variable;

receives additional building data correlated to an energy

use of the building;

generates a building variable model that estimates the

building variable as a function of the additional building
data, the building variable comprising a correlated por-
tion that is correlated with the additional building data
and an uncorrelated portion that is uncorrelated with the
additional building data;

determines the portion of the building variable that is

uncorrelated with the additional building data by calcu-
lating a residual of the building variable model, the
residual representing a variable that is correlated with
the building variable and uncorrelated with the addi-
tional building data; and

uses the input data and the uncorrelated portion of the

building variable to generate the energy use model of the
building, wherein the energy use model estimates the
energy use of the building as a function of the additional
building data and at least one of the residual and the
variable represented by the residual.

11. The system of claim 10, wherein the first type of build-
ing variable comprises water consumption by the building.

12. The system of claim 11, wherein the portion of the
water consumption uncorrelated to the additional building
data is used as a proxy for occupancy of the building, wherein
the occupancy of the building is the variable.

13. The system of claim 10, wherein the energy use model
comprises a regression model.

14. The system of claim 10, wherein the processing circuit
is operable to determine a classification of the building, select
one or more other buildings having the classification, and
compare a parameter of the energy use model of the building
to energy use model parameters of the one or more other
buildings, wherein the parameter relates to the uncorrelated
portion of the building variable.

15. The system of claim 14, wherein the processing circuit
is operable to determine the building to be an outlier among
the one or more other buildings based in part on the parameter.
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16. The system of claim 14, wherein the classification is
determined based on at least one of’ alocation of the building
or a usage type of the building.

17. The system of claim 12, wherein the uncorrelated
amount of consumed water is determined by calculating a
portion of the amount of consumed water that is orthogonal to
the additional building data.

18. The system of claim 12, wherein the processing circuit
is operable to generate a water use model using the water use
data and the additional building data, wherein the processing
circuit is operable to determine a residual of the water use
model, wherein the residual comprises the uncorrelated
amount of consumed water.

19. A non-transitory computer-readable storage medium
having machine instructions stored therein, the instructions
being executable by a processor to cause the processor to
perform operations, the operations comprising:

receiving water use data indicative of an amount of water

consumed by a building;
receiving additional building data correlated to an energy
use of the building, the amount of consumed water com-
prising a correlated portion that is correlated with the
additional building data and an uncorrelated portion that
is uncorrelated with the additional building data;

determining the amount of consumed water that is uncor-
related with the additional building data, the uncorre-
lated amount of consumed water representing a variable;
and

using the additional building data and the uncorrelated

amount of consumed water to generate the energy use
model of the building, wherein the energy use model
estimates the energy use of the building as a function of
the additional building data and at least one of the uncor-
related amount of consumed water and the variable rep-
resented by the uncorrelated amount of consumed water.

20. The computer-readable storage medium of claim 19,
wherein the operations further comprise:

generating a water use model using the water use data and

the additional building data; and

determining a residual of the water use model, wherein the

residual comprises the uncorrelated amount of con-
sumed water.



